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ABSTRACT

When selecting pigments from a large set for restorative inpainting, it can often be
challenging to create a mixture that will provide an exact match to the original artwork
under a range of viewing and illumination conditions. In this research, a prototype
computer program was developed that will aid the user by providing a color match and
paint recipe that exhibits minimal metamerism when compared to the original artwork.
The Gamblin Conservation Colors, a set of 43 colorants specially formulated for
inpainting, were characterized in terms of their optical properties, absorption and
scattering, according to Kubelka-Munk turbid media theory. Formulations were made
using traditional spectrophotometric measurements and image-based measurements. The
multispectral imaging system consisted of a trichromatic CFA camera coupled with two
absorption filters; spectral reflectance data for each pixel location was estimated with a
transformation based on calibration target images. Three targets were used for testing
formulation accuracy: a target consisting of mixtures of Gamblin Conservation Colors,
and two oil paintings. Pigment selection was reasonably successful, and good predictions
resulted from both measurement techniques, but for more complex tasks such as pigment
identification, a more rigorous colorant characterization approach may be needed.
Predictions from image-based measurements were generally less accurate, and
improvements in the camera model would likely remedy this. It is expected that this
software will be of assistance to conservators by simplifying the process of selecting
from a large set of available pigments, as well as reducing the possibility of damage to
painted surfaces in cases where direct measurements are impractical. The open source
nature of the software provides the opportunity for changes and addition of features in the
future.
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CHAPTER 1. INTRODUCTION

The American Institute of Conservation (AIC) defines the term restoration as follows:
“Treatment procedures intended to return cultural property to a known or
assumed state, often through the addition of nonoriginal material.”
[AIC 2010]
Restoration is simply one aspect of the broader discipline of art conservation, which also
includes examination, documentation, preventative care, and preservation of cultural
heritage pieces. The paintings restoration process in particular poses an interesting
problem from a color science perspective; often times the paint surface has suffered a loss
or other form of damage and part of the restorative treatment involves filling in the
damaged area with new paint, a process referred to as inpainting.
In many cases, the goal of inpainting is to match the surrounding paint area so that the
treatment is minimally noticeable, an objective referred to as invisible inpainting. Even if
the materials used in the original work of art are known, the pigments may be toxic,
unstable or presently unavailable, making them impractical for inpainting. Consequently,
specialized inpainting media are commonly used; however, since the pigments used for
treatment are most often different than those used in the original artwork, metamerism
can become an issue. In order for the areas of invisible inpainting to be effective, the
match between the treatment and the original artwork must be invariant to changes in
illumination and viewing.
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This Master’s thesis serves to report on a project undertaken with the goal of
developing a specialized software program, Virtual Palette, that will aid in color
matching and recipe prediction of paint mixtures used for restoration of fine art paintings,
using standard instrumental-based color matching as well as an investigation into an
image-based color matching approach. It is expected that the software will be of
assistance to art restoration professionals working within museums and other cultural
heritage institutions.

The main objectives of this research are:

1. To characterize the optical properties of the Gamblin Conservation Colors,
2. To design and create a color matching software program specifically tailored
to the needs and typical practices of art conservators,
3. To investigate multispectral imaging as an additional tool in paint color
matching for art restoration purposes.

At the time of this research, no specialized color matching software package
exists that is intended solely for use by art conservation professionals. As the number of
conservation media continues to increase, the number of possible pigment combinations
increases exponentially, and the task of making an exact color match without assistance
becomes more difficult. Metamerism is also an important consideration in this
application, since the match between original artwork and restorative treatment should
ideally be invariant to changes in viewing and illumination conditions; for this reason,
2

spectral matching is necessary. Commercial colorant formulation software may be
inappropriate since it can incorporate too many features, or lack features that are
conducive to art conservation applications. The purpose of this software is not to
automate the entire inpainting process, but to provide a tool that will augment and assist
in the paintings conservators’ working process.
To begin, a significant portion of this research was dedicated to characterizing the
optical properties of a set of conservation paints, the Gamblin Conservation Colors. This
set of paints was chosen for inclusion in the project because of their popularity in the
conservation community. Creating a colorant database and pre-loading the data into the
color matching software eliminates the need for individual users to characterize the
pigments, which is an important though time-consuming step in computer colorant
formulation.
The colorant database is created by preparing physical paint samples, measuring
them with a spectrophotometer, and characterizing each in physical terms including
spectral reflectance factor, spectral absorption coefficient, and spectral scattering
coefficient. The latter two properties are characterized using Kubelka-Munk (K-M)
turbid media theory, which has proven success in academic research and in industry. In
addition to use in this research, the colorant database will be made available for future
color science research; for example, it may be useful in projects that involve art spectral
imaging, physical paint research, or computer graphics rendering of material appearance.
Extensive research has been done on computer colorant formulation and its
application to fine art restoration at the Munsell Color Science Laboratory and other
institutions. In addition to being a good approach to characterizing the colorant database,
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K-M theory has been widely used in computer colorant formulation. The theory makes
use of the relationship between a paint mixture’s absorption and scattering properties,
along with data on the absorption and scattering properties of constituent pigments, to
predict the concentrations of each colorant required to match the mixture. It has been a
successful tool, but its implementation is often quite complex and laborious, requiring
much user intervention. With the goal of making the pigment selection and color
matching process more automated, a spreadsheet program was developed in Microsoft
Excel, which greatly streamlined the process for use in art restoration environments.
[Berns, et al. 2006] However, the need was expressed for an even more automated
system and a more usable interface, and thus these goals have inspired the current
research.
Another vital step in the development of this thesis is the design of the graphical
user interface that will be incorporated into the software. It is necessary to incorporate a
logical set of user controls and display information that will be beneficial to the art
conservator. The intended use of this software is to aid in pigment selection for
restorative inpainting mixtures, not necessarily to identify the exact pigments the present
in a painting. Candidate pigments are selected automatically with the matching
algorithm, however, if the user wishes to manually choose a set of pigments to formulate
the color match due to some prior knowledge, they have this option as well.

Output

includes concentrations of candidate pigments required for a match, color and spectral
information, color visualization, and selected performance metrics.
Finally, use of spectral imaging techniques as a viable approach for formulating
paint matches is investigated. Spectral imaging has been widely used in many
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applications pertaining to art conservation, including pigment mapping projects and
digital color rejuvenation, among others. In this research, it is used as an alternative to
direct measurements of a painting with a spectrophotometer, for instances where direct
measurements may cause damage to the paint surface or otherwise be impractical.
Overall, it is expected that this research and the related software applications will
be a valuable contribution to the art conservation community, and it is hoped that it will
also inspire future color science research.

5

CHAPTER 2. BACKGROUND
2.1 Overview
This chapter serves to present the reader with the necessary background information
based on a review of existing literature related to the thesis research.
The topics addressed in this chapter include interactions between light and media,
color mixing theory, paint matching techniques and typical art conservators’ practices,
and an examination of spectrophotometric measurement techniques compared with
spectral imaging, as well as a look at other analytical techniques used in art conservation.

2.2 The Inpainting Process
Since fine art paintings are composed of materials that will inherently change with the
passage of time, a change in appearance over time is inevitable. The art conservator must
assess these changes, plan an appropriate course of action for restorative treatment (if
any), and ensure that steps are taken to prevent further damage. The methods used by
conservators throughout the history of the profession do not necessarily follow a standard
set of procedures. A review of the practices of 19th-century American art conservators
reveals that there was no agreed upon correct process for restoring paintings, and the fact
that restoration was necessary at all was even debatable [Swerda 2002].
In paintings that have suffered damage or loss to the paint surface, inpainting is
the process in which the conservator fills in the damaged area to approximate the
appearance of the original art. Many considerations must be made pertaining to materials
used, including color, gloss, application technique, and transparency [Saunders 2000].
6

When considering the color of the retouching medium, matches were (are) usually made
visually, relying on the conservator’s expert knowledge of artist materials. However,
color matching based only upon visual inspection in one viewing condition can lead to
metamerism, thus making the retouched area visible to people and to cameras. If the goal
is to make the inpainting invisible, metamerism must be avoided.
Conservators have acknowledged the usefulness of spectral analysis of pigments
in the inpainting process. The spectral characteristics of some artists’ pigments alone and
in mixtures were analyzed in [Barnes 1939], and from this analysis, one can see specific
spectral characteristics of certain color groups that will affect their appearance. It is also
important to look at the reflectance characteristics of modern pigments compared to
traditional artists’ pigments, since differences between inorganic and organic pigments
can lead to reflectance mismatches, thus creating the opportunity for metamerism
[Staniforth 1985]. Clearly, spectral analysis combined with a conservator’s expertise can
prove to be a powerful tool for pigment selection in inpainting.

2.3 Interactions Between Light and Media
When examining the color of materials, the relationships between light and the colorant
and substrate materials must be taken into account. The absorption and/or scattering
properties of colored materials, whether they are transparent, translucent, or opaque, will
play important roles in evaluating color properties.
Absorption is the degree to which materials block or attenuate light, and it is
present in all subtractive color mixing systems. For transparent materials where there is
no light scatter occurring, absorbance is expressed in terms of the material’s
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transmittance, a physically measureable property. However, since transparent materials
are not considered in this research, an extensive explanation of the light interactions
within them is outside the scope of this thesis.

2.3.1 Kubelka-Munk Theory
In the case of colorants consisting of materials that exhibit light scattering in addition to
absorption properties, a transformation of transmittance properties does not sufficiently
model their behavior. A commonly used system for modeling these types of materials is
Kubelka-Munk Turbid Media theory [Kubelka and Munk 1931]. Before considering the
Kubelka-Munk (K-M) equations in detail, it is necessary to state some of the assumptions
that go along with their use. Normally, when thinking about the scattering of incident
light by an intervening medium, the assumption is made that the scattering can occur in
any possible direction. However, with K-M theory, one assumes that the scattering is
occurring only in two directions, up and down perpendicular to the material’s surface.
Additionally, assumptions are made that the polarization of the incident light is uniform,
that there is no fluorescence occurring in the colorant or substrate, and that there is no
refractive index discontinuity between the materials.
The first of these assumptions is most central to the theory; in fact, K-M theory is
called a two-flux theory because number of the directions of light flow is simplified to
only two - upward and downward perpendicular to the medium. Presented in Figure 1.1
is an illustration of the assumed optical behavior within a medium. The two directions of
light flow are given the labels i, which represents light traveling down towards the
substrate, and j, representing light traveling through the media layer away from the
8

substrate. It is conventional to think of the substrate as having a depth of zero and the top
of the medium layer having a depth of X; in accordance with this, i is given a negative
sign and j remains positive since it is proceeding from depth zero to X.

Figure 1.1. Diagram of assumed light-media interactions in two-flux theory.
Based on [Allen 1980].
NOTE: All mathematical notation in this section is based on the presentation of K-M
theory in the reference [Allen 1980].

At any specific depth x, the light traveling through a small portion of the medium
layer, dx, is modified by the absorption and scattering constants, K and S. The
modification is defined by the following two equations
- (K + S) i dx

(2.1)

(K + S) j dx

(2.2)

It is important to remember here and throughout the rest of this thesis that the constants K
and S are actually a function of wavelength; although they are considered at a single
9

wavelength in the derivation, they offer another unique way to define a material’s
spectral signature.
Differential equations can be used to describe the total light flow in each
direction. Since the light traveling in the downward direction is reduced in proportion
with absorption and scattering in the i direction as well as increased in proportion to
scattering in the j direction, it is mathematically defined
di/(-dx) = - (K + S)i +Sj

(2.3)

Similarly, light traveling in the upward direction after bouncing off the substrate is
attenuated in proportion with absorption and scattering in the j direction and augmented
in proportion to scattering in the i direction
dj/dx = - (K + S)j +Si

(2.4)

The first step in the solution of these two differential equations is to substitute the
variable ρ for the ratio of (j/i) in order to be able to combine them into a single equation.

d ! d( j / i) i(dj / dx) " j(di / dx)
=
=
dx
dx
i2

(2.5)

If Eqs. (2.3) and (2.4) are substituted into the above equation, a separable first-order
differential equation results

d!
= S " 2(K + S)! + S ! 2
dx

(2.6)

At this point, it is useful to recall what the variable ρ represents in this formula.
In a previous step, ρ is substituted for the ratio of reflected light to incident light (j/i),
which means that ρ stands for the reflectance at any given depth x. Consequently, ρ will
equal the reflectance of the substrate when x = 0 and equal to the reflectance of the
medium surface when x = X; these two quantities will now be referred to as Rg and R,
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respectively. Using these quantities as limits for integration of Eq. (2.7) gives the
solution in Eqs. (2.8) and (2.9)
X

R

0

Rg

d!

# dx = # S " 2(K + S)! + S!
R=

2

1 ! Rg (a ! b coth bSX)
a ! Rg + b coth bSX

(2.7)

(2.8)

where
a = 1 + (K/S) and b = (a2 – 1)1/2

(2.9)

The two expressions above comprise the general form of the Kubelka-Munk
equations; they characterize the optical properties of materials in terms of absorption and
scattering, as well as layer thickness X and reflectance of the substrate the layer is coated
onto, Rg.

2.3.2 Kubelka-Munk Simplification for Opaque Materials
Kubelka-Munk theory can be used to model translucent materials, translucent materials
coated on an opaque substrate, and completely opaque materials. However, use of the
general form of the K-M equations can be quite complex, primarily since an accurate
measurement of the layer thickness X is difficult to obtain. For totally opaque samples
such as plastics, ceramics, or paints with strong scattering properties, it is appropriate to
assume that the thickness of the layer is infinite for practical purposes. In these
situations, it is presumed that because of opacity of the medium the incident light never
reaches the supporting substrate, thus the variable Rg is eliminated and thickness X
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approaches infinity. The mathematical model describing the relationship between
reflectance and absorption and scattering simplifies to

R! = 1 + (K / S) " [(K / S)2 + 2(K / S)]2

(X # !)

(2.10)

where the variable R∞ represents the reflectance of an infinitely thick layer of material, or
in this case, an opaque material. The reverse calculation can also be made in order to
solve for a sample’s (K/S) in terms of its reflectance
2
! K $ (1 ' R( )
=
#" &%
S
2R(

(2.11)

2.3.3 Saunderson Correction
Since the refractive index discontinuity is not accounted for in the K-M equations, a
correction must be made to the measured reflectance if one does not want to accept the
assumption that the refractive indices are equal. This correction is referred to as the
Saunderson correction [Saunderson 1942], although the original mathematics were
derived by Ryde [Ryde 1931]. It converts measured reflectance to a term referred to as
internal reflectance via the following equation,

R

λ ,i

=

R
1 −K −K +K R

(2.12)

λ ,m

1

2

2

λ ,m

K1 is the Fresnel coefficient attributed to the reflection of collimated light and K2 is the
Fresnel coefficient attributed to the reflection of diffuse light. It should be noted that this
particular equation is intended for use with measurements obtained from
12

spectrophotometers with bidirectional or spherical with specular component excluded
measurement geometries. The transformation to use with other instrument geometries is
slightly different [Allen 1980].

2.3.4 Other Theories
As mentioned above, Kubelka-Munk theory is considered a two-flux theory because light
traveling in only two directions is considered in the mathematics. Other turbid media
theories exist that include mathematical considerations of light traveling in different
directions, as well light interacting differently within the medium.
Four-flux turbid media theory includes the light channels described in KubelkaMunk theory, with the addition of upward- and downward-traveling diffuse light
channels [Völz 2001]. Including more light channels may give a more complete model
of the light-media interactions. Even more complete is the many-flux theory, which
considers light traveling in any number of directions [Völz 2001; Olmsted 2004]. The
possible advantages of four-flux theory are that it can be applied to samples of any
optical thickness, as well as being a more-complete physical model. However, although
the theory may be quite complete, the practical implementation of many-flux is rather
computationally intensive and therefore possibly better used for purely theoretical
considerations [Völz 2001].
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2.4 Colorant Formulation

2.4.1 Characterizing Colorant Mixtures with K-M Theory
The discussion so far has centered on characterizing the optical properties of materials
consisting of only one colorant, that is, they have only been concerned with one K and
one S value. If mixtures of multiple colorants are to be studied, then the manner in which
the colorants’ optical properties combine and behave together as one unit must be
modeled.
If additivity of absorption and scattering is assumed, one can determine these
constants for a mixture of colorants through linear combinations of the corresponding
constants of each constituent colorant [Allen 1980]. Eqs. (2.13) and (2.14) illustrate the
additivity principle for a mixture of n colorants.
K = c1k1 + c2k2 + … + cnkn

(2.13)

S = c1s1 + c2s2 + … + cnsn

(2.14)

The ci in these expressions represent the concentration of each ith colorant in the mixture,
determined by percentage of weight. Since concentration is a percentage in this case, the
following condition must be satisfied so that the total concentration is 100%

!c

i

=1

(2.15)

Since the relationship between reflectance and absorption and scattering involves
the ratio of the latter two, it is convenient to look at the mixing model in a ratio form as
well. A combination of Eqs. (2.13) and (2.14) gives

K c1 k1 + c2 k2 + … + cn kn
=
S c1 s1 + c2 s2 + … + cn sn

(2.16)
14

From this quantity, the mixture’s reflectance properties can be defined. The model
presented in Eq. (2.16) defines the Two-Constant form of Kubelka-Munk theory, that is, a
colorant’s optical properties are considered separately in the mixing model. Additionally,
there is a Single-Constant simplification, in which only the ratio of (k/s) is considered for
each colorant in the mixture [Allen 1980]. This simplification, however, requires
assuming that one colorant (i.e. titanium white or similar) is responsible for all scattering
within the mixture and all other colorants effectively exhibit no scattering. This
assumption may be valid in some cases, but for the purposes of this research only the
two-constant form of the theory was used.

2.4.2 Creating the Colorant Database
In order to deal with mixtures of two or more colorants, one must have prior knowledge
about the colorants that will make up the mixtures. The Kubelka-Munk model outlined
in the previous section provides a convenient way of characterizing the colorants in order
to build up a database of their properties.
The absorption and scattering coefficients for each available colorant are
estimated from reflectance measurements of physical samples of the materials. One
common method is to create several tints of each color ranging from 100% pure pigment,
or masstone, to 100% tint material. This is commonly referred to as a tint ladder, and the
ideal tint material will be a low-absorption, high-scattering one. With opaque paint
systems, titanium white is often used as the tint color.
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Since the tint ladder method requires creating several (six to eight) samples for
each colorant in the set, the total number of samples needed for database development
can easily rise to the hundreds if the number of available colorants is also large. Because
of this, previous research was done to determine the smallest number of samples needed
to accurately characterize a color for artist paints. The result is that only two samples are
needed: a masstone and a tint around maximum chroma [Mohammadi and Berns 2004] or
a masstone and a tint of around 40-60% concentration [Zhao and Berns 2006]. The
reduction in the number of samples to create greatly simplifies the process of database
development.
Regardless of which method is used, determining the absorption and scattering
properties of the tint color (white) is an important first step. With completely opaque
paints, it is common to assume that the scattering coefficient of the white paint, sw, is
equal to unity at all wavelengths and that the absorption coefficient of white paint, kw, is
consequently equal to its (K/S) ratio as determined by Eq. (2.11).
sw = 1

(2.17)

kw = (K/S)w

(2.18)

Alternatively, if this assumption is inappropriate because it is not certain whether the
paint is opaque at all considered wavelengths, it is also possible to determine k and s of
white on an absolute basis. One method for doing this involves preparing drawdowns of
the white paint on white and black backgrounds, at a thickness that allows the
background to show through. The measured reflectances of the white and black
backgrounds and the reflectances of the paint over each background can be used as Rg
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and R values in Eq. (2.8); since there are two samples and two unknowns, k and s of
white can be solved simultaneously using this method.

For a tint containing white and one other colorant, Eq. (2.16) now simplifies to

K ci ki + (1- ci )kw
=
S ci si + (1- ci )sw

(2.19)

The subscripts i and w denote the colorant and white constants, respectively. With two
samples per pigment, ki and si can be derived using Eqs. 2.20 and 2.21 [Berns 2007a].

k

=
i

1− c tint

c

tint

s

λ ,0

⎛ K⎞
⎝ S⎠

masstone

1−
s = cc s
tint

i

(2.20)
(2.21)

λ ,0

tint

where,

s

λ ,0

=

⎛ K
⎛ ⎞ × ⎞⎟ −
⎜
sw⎟ k w
⎜⎝ S ⎠
⎝
⎠
tint

⎛ K⎞
⎝ S⎠

−
masstone

⎛ K⎞
⎝ S⎠

tint

2.4.3 Instrumental-Based Color Matching Algorithms
The algorithms used in computer-based color formulation are comprised of three basic
processes: choosing a mixture’s constituent pigments (colorant selection) and estimating
their corresponding concentrations (recipe prediction), and batch correction [Berns 2000].
A valuable yet straightforward method for identifying colorants present in a mixture is

17

examination of the spectral reflectance curves. A visual comparison of the features of the
spectral reflectance curves of the sample to be matched and spectral reflectance of the
pigments included in the colorant database can be helpful in defining a palette of
colorants to include in a recipe. Color scientist Ruth Johnston-Feller explains the value
of spectral curve analysis in the identification of materials in museum artifacts in her
2001 book Color Science in the Examination of Museum Objects [Johnston-Feller 2001].
Johnston-Feller states that examination of spectra, whether reflectance, transmission, or
absorption, is a powerful tool since they reveal a colorants “spectral fingerprint”; she
provides several excellent visual examples. In addition, spectral analysis is valuable
since it is a nondestructive technique, compared to other chemical analysis procedures for
colorant identification. Artist Stig Evans and measurement scientist Andrew Hanson
reported in a 2010 paper their experiences using visual comparison of reflectance spectra
in preliminary pigment identification. With a portable spectrophotometer, they obtained
spectral measurements of blue sky areas in two paintings and of samples of two blue
pigments: Prussian Blue and Ultramarine Blue. By examining the four spectra, the
researchers were able to infer which blue pigment is likely present in each painting and
decide between pigments when selecting a palette for retouching [Evans and Hanson
2010]. This is an excellent example of how spectral curve analysis can be applied to art
restoration. Reflectance curve shapes, however, are sensitive to changes in colorant
concentration, which limits the effectiveness of this technique. It is often more effective
to compare spectra in log K/S space, where they are less affected by concentration [Derby
1952].
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More analytical methods for pigment selection also exist, which make use of
mathematical techniques including multiple-linear regression to select pigments that best
approximate the mixture in K/S space. These types of approaches will be discussed with
respect to specific types of matching algorithms.

Spectral Matching
When the goal of the color-matching algorithm is to provide a color formulation that is as
close as possible to an invariant match over the measured wavelength range to the
original, the algorithm is a spectral matching algorithm. Constituent colorants are
selected based on prior knowledge of the composition of the standard, spectral curve
analysis described above, or with statistical approaches. Algorithms have been
developed to perform spectral matching in (K/S) space based on single-constant
[McGinnis 1967] and two-constant theory [Walowit, et al. 1988]. These approaches both
assume that the problem can be solved linearly because of the linear relationship between
colorant (K/S) and mixture (K/S) as illustrated in Eq. (2.16), and a linear least-squares
regression approach can be used to select colorants statistically, which is useful if the
number of colorants in the database is large. All colorants are used to predict a match to
the standard in K/S space, and only those colorants that produce positive concentration
values and meet statistical criteria are kept; the process is iterated until an appropriate
number of colorants have been selected. The final subset of colorants is used in another
linear least-squares operation to determine the concentrations for each colorant, thus
providing a predicted colorant recipe.
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Spectral matching algorithms may suffer from limitations. Although it is the goal
to obtain an invariant spectral match, if an appropriate subset of colorants cannot be
selected the match may still be metameric. In this case, further minimizing K/S
differences will not translate to minimizing reflectance differences. It may also be the
case that even though reflectance differences have been minimized, the color difference
will still be noticeable since the human visual system has varying spectral sensitivities
across the visible wavelength range. For this reason, colorimetric criteria must be
considered when formulating the final recipe, even with spectral matching algorithms, if
a visually invariant match is the goal. Additionally, colorant formulation requires
constraining resulting concentrations to non-negative values, which requires using nonnegative least squares regression; this cannot be implemented using most standard
regression software.

Colorimetric Matching
In colorimetric matching algorithms, a pigment mixture is predicted that exactly matches
the tristimulus values of the target color. Thus, this match is metameric and only valid
for particular conditions. The use of tristimulus matching is well documented in the
literature and has been a useful approach for industrial color matching applications [Allen
1966; Allen 1974]. The approach reduces the spectral data to tristimulus values, and
iterative approaches are employed to obtain a match that is within some defined
tolerance. The relationship between tristimulus values, colorant concentrations, and
colorant optical properties is complex, so a specific description of the mathematics will
not be given here; details can be found in the references [Allen 1966; Allen 1974; Allen
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1980]. In addition to the issue of metamerism, colorimetric matching may not be
effective in differentiating between pigments of similar colors because of the reduction in
dimensionality. It is ineffective for spectral ranges outside the visible region, such as the
infrared region since the transformation from reflectance to tristimulus values is based on
a model of human vision, which only includes the visible spectrum [Walowit, et al.
1988].
The application of computers to colorant formulation provides the opportunity
for improvement in both the colorant selection process and the recipe process. The
number of n-pigment combinations increases exponentially as the number of pigments in
the database, which makes colorant selection difficult. Decrease in calculation time
provided by using computers allows a combinatorial colorant selection approach, in
which all possible n-colorant combinations can be used to predict a match (this could be
done using spectral or colorimetric matching algorithms). Understandably, not all of
these combinations will produce a feasible match; if for example blue sky area in a
painting is in need of retouching, a combination of three red pigments or two green
pigments and a black pigment will not produce a match. All inappropriate combinations
are removed and the remaining matches are ranked according to certain criteria, perhaps
metameric index, color difference for a crucial illuminant, spectral error, or even cost.
The best match according to the criteria is chosen.
Whether a spectral or colorimetric matching algorithm is employed, colorant
selection is crucial to the process. Furthermore, colorimetric criteria should always be
evaluated when selecting the final recipe prediction, especially in inpainting, an
application where visually invariant matches are usually desired.
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2.5 Multispectral Imaging and Spectral Reconstruction
Multispectral imaging (also known as spectral imaging or hyperspectral imaging) has had
longstanding use as a tool in remote sensing, where information about materials can be
gained from images in situations where direct measurements of these materials is
obviously impractical. Other disciplines making use of multispectral imaging methods
include medicine and astronomy, which also present situations where direct
measurements are not possible. Clearly, multispectral imaging has the capability to be an
important measurement tool.
In addition to the above-mentioned applications, multispectral imaging can be
useful in the art conservation field. Direct digital imaging of paintings and other
artworks is an integral part of the conservation process; it serves to document the
condition of the art throughout the various stages, as well as to facilitate the creation of a
digital database for museums and other institutions concerned with preserving cultural
heritage. The problem with many traditional imaging techniques, such as photography or
scanning, is that the devices employ only three channels. Since the spectral reflectance of
materials is greatly under-sampled, three-channel devices do not provide adequate
information for the reconstruction of spectral images and may lead to problems with
metamerism and color accuracy. However, multispectral imaging systems sample the
visible wavelength range more densely, making it possible to recover spectral
information for each pixel location in an image. Such information can be used to create
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renderings of images for any illuminant-observer combination, as well as to aid in
analytical studies of the art objects.
Over the past two decades, the use of multispectral imaging in art conservation
has been studied extensively in both cultural heritage and academic settings. The
European art conservation community has been particularly involved in this sort of
research, with projects including VASARI (Visual Arts System for Archiving and
Retrieval of Images, 1989) [Martinez, et al. 2002] and CRISATEL (Conservation
Restoration Innovation System for imaging capture and digital Archiving to enhance
Training Education and lifelong Learning, 2001) [Liang, et al. 2005]. Both of these
systems were developed through collaborations between many European countries, and
they both make use of monochrome camera sensors coupled with a series of filters to
sample a spectral range; these types of systems will be described in more detail in the
following sections. Other projects throughout the world include systems developed at
ENST Paris [Hardeberg, et al. 2002], University of Joensuu in Finland [Laamanen, et al.
2004], and Chiba University in Japan [Miyake, et al. 1999].
The Munsell Color Science Laboratory at the Rochester Institute of Technology
has been heavily involved in Art Spectral Imaging research for many years. The projects
undertaken have involved all stages of spectral color reproduction, including capture
[Burns and Berns 1996; Imai and Berns 1998; Imai and Berns 2001; Zhao, et al. 2004;
Berns, et al. 2005c], image processing [Johnson and Fairchild 1999; Rosen, el at. 2001],
spectral printing [Tzeng 1999; Hattenberger 2003], and colorant formulation
[Mohammadi 2004a; Zhao 2006].
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2.5.1 Image Capture Model
Three methods are often used to capture spectral information [Berns 2005b]. One method
employs an imaging spectrometer system that uses a monochrome image detector and a
dispersion element to make a measurement of the image over a range of wavelengths at
certain intervals. This method is the most similar to typical spectrophotometric
measurements in that the reflectance of the object is sampled evenly over a range of
wavelengths, except that the detector that would be used in a spectrophotometer is
replaced with an imaging element. Thus, this method results in a direct spectral
measurement at each pixel location. Another method makes use of an abridged imaging
spectrometer system, which captures information through a series of filters, most often
leading to fewer measurements than the first-described system. The third possible system
for capture of spectral images is comprised of a trichromatic color filter array digital
camera pre-filtered by a series of absorption filters over the lens.
With images captured using either of the last two methods described above,
models must be constructed to estimate spectral reflectance of a target based on captured
camera signals. Various methods for spectral reconstruction, including direct
reconstruction, interpolation, and learning-based reconstruction, are discussed in more
detail later in this section.
Regardless of the imaging system used, it is necessary to have a general model of
how the camera signals are being captured, and how they relate to an object’s spectral
reflectance. Much like the functioning of the human eye, where the cone response
signals are a function of object spectral reflectance, light source spectral power
distribution, and an individual’s color matching functions, signals recorded by an
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imaging system are a function of the same variables, with the individual color matching
functions being replaced by the detector spectral sensitivities.
If we consider the spectral imaging setups described earlier in this section
consisting of camera detectors coupled with k number of filters, the system can be
modeled as a multiplication of the detector sensitivity Sλ, the filter transmittance Tλ, the
light source spectral power distribution Eλ, and the object spectral reflectance factor Rλ.
If this quantity is integrated over the detector’s sensitivity wavelength range, a camera
signal is obtained.

ci = ∫ SλTλ ,i Eλ Rλ d λ

(2.22)

λ

Camera signals are obtained for each of the k channels, thus constructing a vector
of camera signals c = [c1 c2 c3 … ck]′.
Figure 2.2 presents an illustrative example of a multichannel spectral image
capture. In this example, monochrome images from six different spectral bands are
captured through six difference filters, with dark image areas corresponding to low
reflectance factors and light image areas corresponding to higher reflectance factors. Of
course, as the number of filters increases, the number of images captured increases as
well.
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Figure 2.2. Hypothetical example of a six-channel multispectral capture.

In fact, the system model expressed in Eq. (2.22) can be modeled as a matrix
equation in order to facilitate the calculation of spectral reconstructions
c = Θ' R

(2.23)

where Θ is an m-by-k matrix that accounts for the properties of all components of the
imaging system: detector spectral sensitivity, spectral transmission of the filters, and light
source spectral power distribution.
In order to obtain a full reflectance spectrum from the camera signals in the
captured image, spectral reconstruction algorithms are needed. The goal of spectral
reconstruction algorithms is to invert the expression in Eq. (2.23) and define a
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mathematical relationship that recovers spectral data from camera data. Ideally, the
inverse operator, O, will minimize the difference between measured reflectance R and
estimated reflectance R̂ . The following section briefly describes various methods that
have been used to determine the operator O, and a more complete mathematical treatment
of the methods is given in Appendix A.

2.5.2 Spectral Reconstruction Algorithms
There are numerous methods used to reconstruct reflectance spectra from multispectral
image data. An excellent overview of the methods, including direct reconstruction,
interpolation, direct inversion is given in Alejandro Ribés’ article Linear Inverse
Problems in Imaging [Ribés and Schmitt 2008]. Various reconstruction algorithms are
discussed below and in more detail in Appendix A.

Direct Reconstruction
For this type of reconstruction, different types of regression are employed, all requiring
knowledge of the spectral characteristics of the imaging system, as described in the above
section. A straightforward way to accomplish this is to use an underdetermined
pseudoinverse approach. This model directly inverts the expression presented in Eq.
(2.23) to determine the operator O.
Since the number of channels will likely be smaller than the number of
wavelengths in most abridged spectral imaging systems, the mathematical problem is
underdetermined. Because of this, many reflectance spectra can be represented by the
same set of camera signals, leading to issues of metamerism. This direct technique may
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not be the most effective reconstruction algorithm to use with abridged imaging
spectrometer systems.
It was also found that this type of reconstruction was very susceptible to errors
due to noise [Hardeberg 1999]. One method of direct reconstruction that does take
system noise in to account in the determination of the inverse operator is the Wiener
Inverse method, which adds a noise estimation term to the equation for determining
operator O [Pratt and Mancill 1976].
Other direct reconstruction methods include Hardeberg’s Method, which makes
use of eigenvectors, determined from a reflectance database, and imaging system
characteristics in solving for linear inverse operator O [Hardeberg 1999]. A Smoothing
Inverse Method uses a smoothing constraint in the inversion of camera system
characteristics in determining O [Herzog, et al. 1999]. Neither of these methods account
for system noise.

Reconstruction by Interpolation
Unlike direct reconstruction methods, reconstruction by interpolation does not require
prior knowledge of the spectral characteristics of the imaging system elements.
Interpolation methods use the camera responses captured through the k filters in a
multispectral imaging system and interpolate them to estimate object reflectance. Since
only camera responses are input into these algorithms, appropriate preprocessing must be
performed, including dark noise correction and flat fielding to compensate for lighting
non-uniformity in the images, so that the image data are a correct measure of the physical
reflectance. Sampling position, i.e. the peak position of the filters, has a significant effect
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on the accuracy of the spectral reconstruction obtained [Liang, et al. 2005]. The
CRISTATEL project successfully employed an interpolation method for spectral
reconstruction via signal captured through a series of 13 interference filters; cubic spline
interpolation was the method of choice. Modified discrete sine transformation (MDST)
is another possible method, which is based on Fourier interpolation. Details about this
method can be found in the reference [Keusen 1996].

Learning Based Reconstruction
Spectral reconstructions in which the model is built using a priori knowledge of a
calibration target are referred to as learning-based reconstructions. Unlike direct spectral
reconstruction, learning based reconstruction does not require knowledge of the imaging
system components (detector sensitivity, light source, filter transmission) to determine
operator O; the model is purely empirical. The most basic learning-based reconstruction
is the simple pseudoinverse method, in which a direct transformation is derived between
camera signals and measured reflectance of the training data.
Principal components analysis (PCA) is also a useful tool for learning-based
spectral reconstruction based on multispectral images. PCA is performed on the set of
training data, thus reducing the dimensionality of the data set. The optimal number of
eigenvectors needed to reconstruct the data can be determined based on the percent of
variance that is attributed to each eigenvector. Since the largest amount of variance in the
data set is attributed to the first eigenvector, the second largest amount to the second
eigenvector, and so forth, the amount of total variance accounted for by each eigenvector
will approach zero as more eigenvectors are added [Tzeng and Berns 2005].
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Once the optimal number of eigenvectors has been determined, a model is
determined that relates calibration target eigenvectors, camera signals, and reflectance;
this model can in turn be used to reconstruct reflectance of unknown targets [Imai et al.
2000]. The reflectance of the calibration target can be expressed as a linear combination
of the eigenvectors E weighted by the appropriate scalars b, determined through linear
regression.
R = Eb

(2.24)

If weights b are known for the training set, a model can be constructed that relates
input multi-channel camera signals to scalar values
b = Mc
M = b(c′c)-1c′

(2.25)
(2.26)

Reflectance of other unknown targets can be reconstructed based on transformation
matrix M, camera responses, and eigenvectors of the calibration target.
R = EMc

(2.26)

Another effective method for learning-based reconstruction is the Matrix R
method, which was developed by Cohen and Kappauf and is based on the Wyszecki
hypothesis that any stimulus can be broken down into two distinct spectra: a fundamental
stimulus and a metameric black [Cohen and Kappauf 1982]. Here, metamers are defined
as the same fundamental stimulus but different metameric blacks for certain conditions.
The Matrix R method combines both spectral and colorimetric transformations to
estimate the spectral reflectance, hence it has potential to provide more accurate
estimates. Zhao and Berns compared the performance of Matrix R to several other
methods of spectral reconstruction, and it produced the best results for all targets tested in
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their research [Zhao and Berns 2007]. Please refer to Appendix A for an outline of the
mathematics of the Matrix R method, as well as mathematics involved in other spectral
reconstruction algorithms.

2.5.3 Examples of Spectral Imaging Systems Used in Art Conservation Research
It is useful to briefly describe how spectral imaging has been investigated in the past with
respect to art conservation research. As mentioned in the previous section, several
institutions across the globe have been involved in such research, and representative
examples of the systems developed as part of these research programs will be discussed
here.
In 1987, John Asmus described several image processing techniques that he and
his colleagues at the University of California at San Diego used for art conservation
applications [Asmus 1987]. While much of the discussion centered on monochrome
images and spatial processing, spectral analysis of color was also discussed. A powerful
example of spectral analysis applied to images was the simulated varnish removal from
Leonardo da Vinci’s Mona Lisa. A spectral transmission from a varnish sample similar
to that covering the painting was deconvolved with the three-channel (RGB) digital
image to obtain an approximation of painting’s original color appearance.
The VASARI project mentioned earlier in this chapter began in 1989 as a
European initiative to record colorimetrically accurate images of artwork at high
resolution. At the time of the systems development, researchers were beginning to
consider the potential of digital imaging to replace conventional photography in museum
departments. The system captured monochrome images of artwork in the spectral range
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of 400 to 700 nm, using a series of 7 interference filters and a monochrome area scanner
[Saunders and Cupitt 1993]. Images obtained were used in several types of studies in the
following years, including detecting color change over time, detecting damage inflicted
on artwork during handling, and visualization of original artwork appearance.
Investigations were conducted into using the images for pigment identification, but it was
concluded that the spectral resolution at this time was too low for this application
[Martinez, et al. 2002].
Another European project beginning later than VASARI was CRISATEL, which
began in 2001 as a collaborative effort between European Union countries. This system
was similar in that it also employed a monochrome sensor, but a set of thirteen
interference filters was used to capture multiple spectral bands. Much research on the
optimal spectral reconstruction technique was conducted as a part of this project, and
pigment identification was of future interest to researchers. A case study of the image
acquisition and processing employed by CRISATEL using Leonardo da Vinci’s Mona
Lisa as an example is available in the reference [Ribés, et al. 2008].
Researchers at the Rochester Institute of Technology have been strong players in
the area of spectral imaging and art. In 1996, Burns and Berns summarized an
investigation done into multispectral image capture and various reconstruction methods
[Burns and Berns 1996]. Multichannel images were captured using a monochrome digital
camera coupled with seven interference filters, and three methods of spectral
reconstruction were compared. Two interpolation techniques, spline interpolation and
MDST interpolation, were tested along with a method of reconstruction based on PCA of
a set of Munsell Book of Color samples. Results indicate that for seven channel images,
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the PCA method performed best; the interpolation techniques may produce more accurate
results with images with a larger number of spectral bands. Later, Imai and Berns
investigated a hybrid approach to multispectral imaging, in white a high spatial resolution
luminance image is fused with a lower spatial resolution multispectral image to create a
high-resolution spectral image [Imai and Berns 1998]. Common problems with the use
of interference filters were also identified in this research: transmittance of the filters is
reliant on angle of incidence, and filter surfaces not being coplanar, which can cause
distortion in the images. A more streamlined approach to multispectral image capture,
involving a conventional trichromatic color filter array camera and absorption filters, was
proposed and tested. Both the hybrid capture approach and the CFA camera plus
absorption filter system were identified as solutions to practical multispectral imaging in
a museum setting.
The question of the ideal space in which to reconstruct spectral reflectance from
the trichromatic camera capture system was addressed by Imai, et al., where an
investigation was conducted comparing reconstructions made in spectral reflectance
space, in K/S space, and in a newly derived empirical space [Imai, et al. 2000]. The fact
that reconstructions performed in K/S space could often produce large errors for light
colors led to the development of the new empirical space, which was also a
transformation of reflectance factor as K/S is, but improved normality. Results indicated
that the new empirical space provided improvement over reconstructions in spectral
reflectance space, and marked improvements over reconstructions in K/S space.
It is important to evaluate the results obtained from spectral images with respect
to results obtained from traditional spectrophotometry. RIT researchers conducted a

33

study comparing the two techniques using three paintings from the collection of the
National Gallery of Art, Washington DC [Berns, et al. 2005a]. Images were captured
using a monochrome camera and a liquid crystal tunable filter (LCTF), resulting in a total
of 31 bands. The transformation from camera signals to reflectance was derived from
measurements of test targets. Colorimetric and spectral accuracy of the imaging system
was good compared to the spectrophotometric measurements, although some drawbacks
were noted: the sensor’s inherent low sensitivity at short wavelengths led to uncertainty
in these spectral regions, and colors with flat spectra were more difficult to reconstruct
than those with more spectral selectivity. Both of these issues were considered
improvable, and this spectral imaging system was concluded to be a viable measurement
instrument with sufficient accuracy for pigment identification. The fact that the system
was reasonably effective when reconstructing spectral information of real paintings with
varying color and surface properties was promising.
In an effort to compare three different spectral imaging techniques and the
feasibility of their use in a museum setting, RIT researchers compared performance of
LCTF-monochrome sensor, absorption filter-monochrome sensor, and absorption filterCFA sensor systems [Berns, et al. 2005a]. It was concluded that the latter approach
provided equal or superior accuracy to more complex spectral imaging systems, and
provided accessibility and ease when integrated into a museum imaging setting.
Prior research has also been conducted into applying the results of multispectral
imaging as a tool in pigment selection and pigment identification. Using the trichromatic
CFA-absorption filter spectral imaging setup, spectra of painted targets were estimated
and then used to identify pigments for inpainting purposes [Berns and Imai 2002].
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Studies focusing on pigment identification for inpainting using traditional
spectrophotometry had been successful [Berns, et al. 2002]; thus the integration of
spectral imaging into the workflow became a reasonable next step. A target of 68 oil
paints each tinted with Titanium White was created, measured using a spectrophotometer,
and imaged; reflectance was reconstructed using a learning based transformation based
on measurements of a Macbeth ColorChecker. The results in this study focused on the
identification of blue pigments since accurate selection of these are especially crucial for
avoiding metamerism; spectra predicted from spectral images for cobalt, ultramarine,
manganese, Prussian, Phthalocyanine, cerulean, and indanthrone blues were input into the
pigment identification system. Of these, only two pigments were identified incorrectly
(manganese and Prussian), and the misidentification was thought to be the result of the
calibration target used in the learning based transformation. A new calibration, derived
from measurements of the 68 paint samples, was tried, and both spectral estimation
accuracy and identification of blue pigments was improved. Thus, spectral imaging was
verified as a potential tool in pigment identification.
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2.6 Summary
Several steps must be considered when building a technical workflow for inpainting.
Although inpainting generally relies on a conservator's expertise and subjective decisions,
quantitative analysis is also important.
The interactions between light and media can by analyzed and modeled
physically; a common model of optical properties in Kubelka-Munk theory, which
simplifies and characterizes light's behavior inside materials in terms of absorption and
scattering coefficients. Databases of colorant characteristics, combined with computer
colorant formulation algorithms, have been used effectively to predicted formulations to
match unknown mixtures. Thus, computer colorant formulation can provide the
quantitative analysis necessary to enhance the inpainting process.
Spectral imaging has proven success in art conservation applications for over two
decades, well documented in existing literature. A wide range of techniques has been
employed to capture images and estimate spectra. Since it has the ability to estimate
spectral reflectance in any location of an artwork's surface, spectral imaging provides an
alternative approach to contact spectrophotometry for obtaining spectral measurements.
The database creation, computer colorant formulation, and spectral imaging
techniques discussed in this chapter are powerful tools individually, and can be combined
to create a total spectral workflow for inpainting in art restoration.
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CHAPTER 3. EXPERIMENTAL METHODS

3.1 Gamblin Conservation Colors
The set of paints used in this research were the Gamblin Conservation Colors, a set of
acrylic paints designed specifically for paintings restoration. They were chosen because
of their popularity and widespread use in the conservation community. The development
of this paint set began in 1993 as a collaborative project between conservators, scientists,
and makers of artists’ materials. [Leonard, et al. 2000] The goal of the project was to
develop a new inpainting medium that would meet the requirements of art conservation
professionals; specifically, such a medium should be stable, lightfast, reversible (the
treatment can be removed later, if needed), safe to use, and adaptable enough to treat
paintings exhibiting a range of artistic techniques.
Test batches of the new material were manufactured using an experimental
aldehyde resin, and later using Laropal® A 81. Both test batches were tested by
conservators at a wide range of institutions, and the response was largely positive.
According to surveys, the medium exhibited good covering power, small color change
when dry, and very importantly, versatility.
Today, the Gamblin Conservation Colors are a set of 44 pigments, including both
traditional mineral colors and modern chromatic pigment colors. Only 43 pigments out
of the set were characterized; the Extender White has been excluded since it is intended
to be used not by itself, but with other pigments to change their transparency
characteristics. A list of the colors comprising the set, as well as their pigment contents
and color index specifications is presented in Table 3.1.
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Table 3.1 List of Gamblin Conservation Colors, pigments contained in each color, and
corresponding color index specification.
Gamblin Conservation Color

CI Number(s)

Pigment Name(s)

Alizarin Crimson Permanent

PV9, PR149, PB29

Quinacradone Red b, Perylene red, ultramarine blue

Cadmium Red Light

PR108

Concentrated cadmium sulfo-selenide

Cadmium Red Medium

PR108

Concentrated cadmium sulfo-selenide

Dragon's Blood

PR149

Perylene Red

Quinacradone Red

PV19

Quinacradone Red b

Cadmium Orange

PO20

Concentrated cadmium sulfo-selenide

Mars Orange

PR101

Synthetic red iron oxide

Cadmium Yellow Light

PY35

Concentrated cadmium zinc sulfide

Cadmium Yellow Medium

PY37

Concentrated cadmium sulfide

Hansa Yellow Medium

PY74

Arylide yellow

Indian Yellow

PY83

Diarylide yellow HR70

Naples Yellow Light

PY53

Nickel Antimony Titanium Yellow

Naples Yellow Deep

PBr24

Chrome Antimony Titanium Buff

Chromium Oxide Green

PG17

Chromium oxide green

Cobalt Green

PG19

Oxides of cobalt and zinc

Permanent Green Light

PG7, PY83

Name

Chlorinated copper phthalocyanine,
Diarylide yellow HR70

Phthalocyanine Green

PG7

Chlorinated copper phthalocyanine

Viridian

PG18

Hydrated chromium oxide

Cobalt Blue

PB28

Oxides of cobalt and aluminum

Manganese Blue

PB33

Barium manganate

Phthalocyanine Blue

PB15:2

Copper phthalocyanine

Prussian Blue

PB27:1

Ferri-ammonium ferrocyanide

Ultramarine Blue

PB29

Complex Silicate of sodium and aluminum
with sulfur
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Cobalt Violet

PV14

Cobalt phosphate

Dioxazine Purple

PV23

Carbazol dioxazine

Ultramarine Violet

PV15

Complex Silicate of sodium and aluminum
with sulfur

Transparent Earth Brown

PR101

Transparent Mars Red

Transparent Earth Orange

PY42, PR101

Transparent Mars Yellow, Transparent Mars Red

Transparent Earth Red

PR101

Transparent Mars Red

Transparent Earth Yellow

PY42

Transparent Mars Yellow

PBr7, PV9, PR149,

Calcined natural iron oxide containing manganese,

PB29

Quinacradone red b, Perylene red, Ultramarine blue

Burnt Sienna

PBr7

Calcined natural iron oxide

Burnt Umber

PBr7

Calcined natural iron oxide containing manganese

Greenish Umber

PBr7, PG18

Brown Madder Alizarin Permanent

Natural iron oxide containing manganese,
Hydrated chromium oxide

Indian Red

PR101

Synthetic red iron oxide

Raw Sienna

PBr7

Natural iron oxide

Raw Umber

PBr7

Natural iron oxide containing manganese

Venetian Red

PR101

Synthetic red iron oxide

Yellow Ochre

PY43

Natural hydrated iron oxide

Black Spinel

PBk28

Copper chromite black spinel

Ivory Black

PBk9

Bone black

Lamp Black

PBk7

Carbon black

Titanium White

PW6

Titanium dioxide
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3.2 Sample Preparation
As mentioned previously, prior research by Mohammadi and Berns and Zhao and Berns
has verified that the minimum number of samples necessary to characterize an opaque
paint using Kubelka-Munk theory is two: pure pigment (masstone) and one tint with
white, preferably in the neighborhood of maximum chroma or 40-60% concentration.
For this reason, two drawdown samples were created for each of the 42 chromatic
Gamblin Conservation Colors. Only one sample, the masstone, was created for the
titanium white paint.
The substrate used for the drawdowns was LENETA black and white opacity
charts. To make the tints, appropriate amounts of chromatic paints and titanium white
were measured by weight on an Acculab VI-200 scale, which reads to 0.01 grams. The
weights of each pigment in a mixture were carefully recorded in order to obtain an
accurate concentration metric for each mixture.
The paints were mixed together thoroughly with a palette knife to create the tints,
then applied to the substrate using a BYK-Gardner drawdown bar with a 10 mil gap,
according to ASTM specifications [ASTM D 4941 - 06]. Some of the pigments,
particularly those in the Transparent Earths category, did not exhibit opacity after the first
drawdowns were completed. In accordance with the ASTM standard procedure,
additional drawdown layers were added crosswise until opacity was achieved.
Spectral plots of the tints of the Gamblin Conservation Colors are presented in Figures
3.1 and 3.2. In these plots, the spectral fingerprints of various pigments are readily
observable. For instance, there is a long-wavelength variation between the Cadmium
Yellows and the Naples Yellows. Chromium Oxide Green has a very distinctive curve
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shape, with both short- and middle-wavelength range peaks. Cobalt Blue and Cobalt
Violet both exhibit the characteristic long-wavelength tail, which is quite different from
the other blue and violet pigments. Knowledge of these specific spectral characteristics
is key when selecting one pigment over another when matching the area of a painting to
be restored. Certain spectral characteristics, such as the long-wavelength tail in the
cobalt pigments, can increase the likelihood of a metameric match between original and
restorative treatment if the incorrect pigment is chosen.

Figure 3.1. Spectral plots of Gamblin Conservation Color tints in the red/orange, yellow,
green, and blue categories color-coded by their sRGB values.
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Many of the pigments in the Earths and Transparent Earths categories exhibit
smoother spectral characteristics, with fewer and less drastic peaks than the chromatic
pigments plotted in Figure 3.1. Additionally, the fact that they are less spectrally
selective and that some of the curve shapes are similar could have the potential to make
pigment selection more difficult. There is a sharp drop in reflectance in the Titanium
White pigment below 400 nm, and it can be seen to some degree in the spectra of each of
the tints. A complete table of the tint recipes can be found in Appendix B.

Figure 3.2. Spectral plots of Gamblin Conservation Color tints in the transparent earths,
earths, black, and white categories color-coded by their sRGB values.
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3.3 Database Creation
The samples were measured with the XRite Eye-One Pro handheld spectrophotometer,
which has 45°/0° illumination/viewing geometry, to obtain spectral reflectance factor
data. All samples were considered opaque at all wavelengths, and the reflectance data
were transformed to K/S via Eq. 2.10. Because of the nature of the research and intended
use of this software, which is to provide a paint recipe from which a conservator can
work and make their own adjustments as necessary, the Saunderson correction was not
used on the raw reflectance data before the transformation.
As discussed in Chapter 2, the first step to creating an absorption and scattering
database for a set of colorant is to determine the optical constants for the tint material, in
this case Titanium White. In accordance with the simplification for opaque paints, the
absorption and scattering coefficients kw and sw of Titanium White were assumed to be
equal to (K/S)w and unity at all wavelengths, respectively, as calculated in Eqs. 2.17 and
2.18.
Absorption and scattering coefficients were then estimated for each colorant by
solving Eqs. 2.20 and 2.21 using the (K/S) of the tint, masstone, Titanium White, and
concentrations of colorant and white in each mixture. Plots and tables of the k and s
database are given in Appendix B.
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3.4 Color matching Algorithm
The algorithm described by Walowit, et al. in their 1988 publication was used as a
starting point for the development of the color-matching algorithm used in the current
software, developed in the Matlab environment. As described in Chapter 2, this
algorithm utilizes the Kubelka-Munk absorption and scattering coefficients and linear
least-squares matching techniques to predict a set of colorant concentrations that will
minimize the spectral difference between the standard and batch in K/S space. Please see
the reference [Walowit, et al. 1988] for a complete outline of the mathematics involved in
the algorithm.
Included in the Walowit, et al. spectral matching algorithm is a constraint that
ensures that the sum of the predicted concentrations does not exceed unity. In addition,
in some cases the predicted concentrations will be negative, making a practical mixture
impossible. The algorithm was adapted and the Matlab function lsqlin was utilized to
perform the linear least-squares operations. This function is part of the Optimization
Toolbox, and it allows the user to solve constrained linear least-square problems. For the
final algorithm, constraints were added so that all concentrations must have values
between zero and unity, and that the sum of resulting concentrations in a recipe would
equal exactly 1.0.
A flow diagram of the operation of the color-matching algorithm is presented in
Figure 3.3.
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Figure 3.3. Flow diagram of color matching algorithm

3.4.1 Automatic Pigment Selection
The algorithm provides the user with automatic pigment selection. In this approach,
every combination of pigments is considered for a possible match. For practical reasons,
based upon prior experience of color science researchers and discussions with art
conservation students and professionals, the number of possible pigments for each
combination was limited to four: three chromatic pigments, plus Titanium White.
Mixtures with fewer than three chromatic pigments may result, but the number of
chromatic pigments predicted will never exceed three. Taking three pigments at a time,
there were 11,480 combinations, each of which were tried during the automatic pigment
selection approach.
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Since all possible combinations of three pigments are used, obviously a large
number of the recipes will be unusable for matching any particular unknown color. For
example, if the user were trying to match a reddish color, combinations including three
blue pigments would produce unusable recipes, possibly including concentrations with
imaginary or Not A Number (NaN) values (representations of data that are undefined).
Resulting combinations with these types of values were identified and removed from the
array of possible recipes.
The remaining viable recipes are used to predict K/S spectra, then to predict
reflectance spectra. The resulting predicted spectra are each compared to the target
spectrum of the unknown color being matched. A parameric correction for CIE standard
illuminant D65 is performed, and color difference is calculated for CIE standard
illuminant A [Fairman 1987]. The resulting metameric index is used as the criterion for
choosing the best recipe; i.e., the recipe resulting in the lowest metameric index between
prediction and target color.

3.5 Test Targets and Paintings
Several targets were utilized in this research: a Macbeth ColorChecker DC (CCDC), a
custom target consisting of three- and four-color test mixtures of the Gamblin
Conservation Colors (Gamblin Target), and two paintings. Both paintings are oil on
canvas by artist Ethel Berns, and are unsigned and untitled; the titles Women and Small
Abstract were assigned by the author for convenience and to identify them in this thesis.
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A table providing the composition of the color patches in the Gamblin Target is given in
Appendix B.
Additionally, the large Halon board was imaged through each filter, since it is
used in the flat fielding step of the image processing to correct for any nonuniformity
present in the images due to lens falloff, illumination nonunifornity, and sensor
nonuniformity. Images of the targets and artwork are presented in Figures 3.4 and 3.5.

Figure 3.4. Targets used in this research. Left: ColorChecker DC. Right: Gamblin Target.

Direct reflectance factor measurements were made of each patch of the gridded
targets and in specific measurement locations on each of the paintings using the XRite
Eye-One Pro spectrophotometer.

The measurement locations are overlaid on the images

of the paintings in Figure 3.5. In order to obtain digital counts from the same locations
for image-based reflectance estimation, special image masks were created for each target
or painting to isolate only certain regions of pixels.
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Figure 3.5. Oil paintings and marked measurement locations. Top – Women (14”x11”),
Bottom – Small Abstract (5”x7”).
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3.6 Spectral Imaging System

3.6.1. Image Acquisition and Processing
The images used for this work were captured with a Canon EOS 5D camera with the IR
cutoff filter removed, a visible bandpass filter added, and an anti-reflective coating on the
lens. The camera employs a trichromatic filter array over the detector, leading to three
camera channels. In order to be able to capture six different camera signal channels, a
filter wheel containing two absorption filters, a Schott GG 475 yellow filter and a Schott
BG 39 blue filter, was used to take two sequential images of the original artwork.
The imaging setup was comprised of a copy stand with the camera above and a
Buhlite SC-150 lamp housing a Phillips Powertone Mastercolour CDM 4200K bulb
placed on either side at a 45° angle. This lighting arrangement was an attempt to achieve
the most uniform and diffuse lighting as possible to avoid capturing any gloss or shadows
due to surface texture. A picture of the image capture setup is presented in Figure 3.6.
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Figure 3.6. Image capture setup.

To ensure the spectral uniformity of the lamps used for imaging, spectral radiance
measurements were taken of a large Halon board illuminated by the lamps; the board was
divided into a 3-by-3 grid for a total of 9 measurement locations. The measurement
locations and radiance measurements are presented graphically in Figure 3. It can be
seen that although the radiance spectra are of different heights at the various
measurement locations, the spectral shape is highly similar across all measurement
locations. Chromaticity coordinates were also calculated for each measurement location,
and are presented in Table 3.2. Although the luminance factor varies across
measurement locations, the chromaticity coordinates remain equivalent. The color
temperature of the lamps as measured with a Minolta CL-200 colorimeter was 3900K in
the center of the copy stand.
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Halon at nine measurement locations
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Figure 3.7. Left: Measurement positions. Right: Spectral radiance measurements of
Halon board illuminated by Buhlite lamps.

Table 3.2. Chromaticity coordinates of Halon board at nine measurement locations.
Measurement
x

y

Y/Yn

1

0.38

0.38

5.91

2

0.38

0.38

6.03

3

0.38

0.38

5.28

4

0.38

0.38

6.16

5

0.38

0.38

6.49

6

0.38

0.38

5.45

7

0.38

0.38

5.17

8

0.38

0.38

5.64

9

0.38

0.38

4.63

Location

The images were flat fielded by dividing each of them by the corresponding
Halon board image. This correction was also applied to each of the images. Dark current
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correction is performed by the camera automatically. Registration of the two images was
accomplished by creating a spatial transformation based on markers affixed to the target
being imaged.
After flat fielding and registration, the blue- and yellow-filtered versions of each
target were combined into a single array of data. The array for each target was 6xn, with
6 being the number of camera channels and n being the number of points of interest in
each target.

3.6.2. Camera Model
The spectral reconstruction was accomplished using a learning-based model that makes
use of principal components analysis (PCA) as a method to reduce the dimensionality of
the data, as described in Chapter 2.4.2. PCA was performed on the CCDC reflectance
data set using the MATLAB function eig. This function returns both the eigenvectors
and the eigenvalues for the specified data set. The eigenvectors describe the directions in
which variance in the data set is significant, and the eigenvalues determine the amount of
sample variance that is attributed to each vector.
The first nine eigenvectors, the sample mean, and the percent and cumulative
variances for the reflectance factor data are presented in Figure 1. The first six
eigenvectors accounted for roughly 99.8 % of the total variance in the reflectance factor
data (see Table 3.3). All of the eigenvectors after the fourth become a bit more jagged,
implying that they are modeling noise rather than actual variance in the data.
Graphically, this can be seen in the scree plot (percent variance) when the percent
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variance essentially drops to zero at four eigenvectors, and the cumulative variance
approaches 100% with just four eigenvectors.
The original reflectance factor data were reconstructed with from one to nine
eigenvectors, both with and without the mean value included. CIEDE2000, metameric
index (MI), and RMS error were calculated between the original and reconstructed data.
These data are summarized in Table 3.4. For the metameric index calculation, the CIE 2°
standard observer was used, a parameric correction was done under D65, and the color
difference was calculated in CIEDE2000 color difference units under illuminant A.
Reconstructions with the mean excluded are more accurate in terms of the metameric
index, while those including the mean had better predictions in terms of color difference
and RMS. Because it is more straightforward for image processing calculations to
exclude the mean, and because the mean reflectance value of the CCDC does not equal
that of any work of art, it was decided to exclude the mean from the calculations.
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Figure 3.8. First nine eigenvectors and mean derived from the reflectance spectra of the
CCDC.
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Table 3.3. Variance and cumulative variance in CCDC reflectance data attributed to one
to nine eigenvectors in reflectance factor space.
R space
Eigenvector Number

% Variance

Cumulative % Variance

1

80.30%

80.30%

2

15.32%

95.62%

3

3.27%

98.89%

4

0.59%

99.48%

5

0.23%

99.72%

6

0.09%

99.81%

7

0.08%

99.89%

8

0.04%

99.94%

9

0.03%

99.97%

55

Table 3.4. Statistical summary of reconstructed CCDC reflectance data based on PCA in ,
with and without mean.
R space with mean

R space without mean

Average
Eigenvector Average

Average

Average
Average

Average

ΔE00

MI

RMS of
Number

RMS of

ΔE00

MI

1

17.15

1.25

0.0933

18.01

0.96

0.0947

2

11.86

1.23

0.0424

9.95

0.89

0.0455

3

4.82

1.12

0.0231

3.02

0.75

0.0278

4

1.18

0.61

0.0161

1.45

0.56

0.0221

5

0.88

0.20

0.0123

1.14

0.20

0.0192

6

0.31

0.21

0.0094

0.39

0.17

0.0130

7

0.25

0.10

0.0075

0.40

0.13

0.0115

8

0.27

0.05

0.0057

0.43

0.05

0.0082

9

0.18

0.04

0.0043

0.29

0.06

0.0065

R

R

Based on these results, it was determined that six eigenvectors was the optimal
number to reconstruct this data set. The predictions using this number of eigenvectors
were very accurate, with average MI values of 0.25 with the mean and 0.40 without the
mean. The spectral RMS error also fell to almost 1% when six eigenvectors were used in
the reconstruction, which is excellent.
The results of the PCA along with camera signals and reflectance factor of the
CCDC were used to derive a 6x6 camera signal-to-scalar transformation matrix via
Equations 2.23 and 2.25. The resulting transformation matrix was used along with
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Equation 2.26 to estimate reflectance based on camera signals of the selected
measurement locations in the experimental images.

3.7 Design of Graphical User Interface
The first step in designing the graphical user interface (GUI) for the color matching
software was to examine some existing software programs in order to get an idea of the
current state of the art. Two programs were reviewed: X-Rite iControl and
SpectraShop™ 3, developed by Robin Myers Imaging.
X-Rite Color iControl is a comprehensive software package with mainly
commercial purposes in mind. The package offers operations related to many
applications, including color measurement and data storage, color quality control, and
colorant formulation for materials including textiles, paints, and plastics. Measurement
of samples is accomplished through the GUI, which has the capability to connect directly
to a variety of spectrophotometers, and colorant database development is an interactive
process accomplished within the GUI; both spectral color data and colorant database files
are saved in a program-specific file format. The options for data output are highly
customizable; the user can elect to view colorimetric and/or spectral plots, color
appearance previews, and a variety of performance metrics (spectral error, color
difference metrics, cost, etc.).
The SpectraShop™ 3 software package facilitates color measurement and data
analysis, but does not perform colorant formulation. This software also interfaces with a
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variety of spectrophotometers, and additionally offers the option for importing color data
from a wide array of measurement file types. Output within the GUI includes spectral
plots, color appearance previews and many colorimetric values. The output format
organized and understandable in its layout, however it is less customizable than that of XRite Color iControl.
The software development for this research, entitled Virtual Palette, was
accomplished in the Matlab Graphical User Interface Development Environment
(GUIDE). The use of this tool facilitates definition of the layout and appearance of
objects in the GUI window.
The GUI consists of one window that is not resizable, and it does not give the
option for customization of user controls or output at this time. On the left side of the
window are the options for obtaining spectral reflectance data: direct measurement with
the X-Rite Eye-One spectrophotometer, importing data from a text file, or selecting
pixels from a multispectral image. The option for image-based matching being directly
integrated into the GUI will be addressed in future works, as will manual pigment
selection.
In order to eliminate the need for every user to make and measure multiple
samples to create the colorant database, the k and s data for the Gamblin Conservation
Colors is preloaded into the software package, so no user controls related to database
creation were included in the GUI. One output text box displays the recipe including
pigment names and concentrations and performance metrics including RMS spectral
error, CIEDE2000 color difference, and metameric index. On the right side of the
window are axes for the plotting of spectral data, and an area for a color appearance
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preview of the target and predicted color. The color appearance preview is displayed on
a neutral gray background to avoid any surround effects.
Unlike X-Rite Color iControl or SpectraShop™ 3, the software developed for this
research does not include a variety of user options. The design and controls were kept
very basic since the intended use is for a very specific purpose, aiding in pigment
selection for paintings restoration, rather than encompassing applications in a variety of
industries. A basic view of the GUI is given in Figure 3.8.

Figure 3.8. Basic view of Virtual Palette GUI.
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Once a target color spectrum has been imported using one of the three methods, it
is plotted on the axes for visual inspection by the user, as shown in Figure 3.9. Visual
evaluation of a color’s spectral fingerprint is a valuable tool; it allows the user to identify
any distinguishing spectral features that may be useful in their work.

Figure 3.9. Virtual Palette GUI after target color spectrum has been imported and plotted.
After the user clicks the Predict Formula button, the color-matching algorithm executes,
usually taking approximately 30 to 90 seconds to complete.
Once the algorithm has selected the optimal recipe to match the target color, the
recipe pigments and concentrations are displayed in the text box, along with the
performance metrics. The predicted spectrum is plotted along with the target color
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spectrum for visual evaluation of spectral similarities between the two colors. The target
and predicted spectra are used to calculate XYZ tristimulus values for standard
illuminants D65 and A for the 1931 standard observer. The illuminant A based
tristimulus values are transformed to corresponding colors for illuminant D65 using the
CAT02 chromatic adaptation transform [CIE 2004]. These tristimulus values are
transformed to sRGB values for display in the color appearance preview. Please note that
this preview gives just an approximation of the actual paint mixtures in the two viewing
conditions. An example of the GUI output can be seen in Figure 3.10.

Figure 3.10. Example output in Virtual Palette GUI.
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3.8 Summary
In this chapter, the methods used in performing the physical experiments for this thesis
were described. Background on the Gamblin Conservation Colors was presented, and the
method of sample preparation was described. The masstone-tint approach was used in
this research: two drawdowns were made of 43 Gamblin Conservation Colors: one
masstone and one tint with Titanium White. Measurement and calculation of the optical
properties k and s for the colorant database was explained, as was the color-matching
algorithm used in subsequent predictions. The setup for image capture, targets imaged,
and results of PCA used in the learning-based spectral reconstruction were detailed.
Finally, the design of the graphical user interface of the prototype color matching
software was explained and illustrated.
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CHAPTER 4. RESULTS AND DISCUSSION

4.1 Camera Model Performance
The camera model described in Chapter 3.6.2 was used to transform the flat-fielded
images of the test targets in order to analyze the camera model performance. For each
patch, 64 pixels were evaluated; the following results are based on the average of the
pixel values for each patch. Presented in Table 4.1 is a statistical summary of the
performance of the training target, the ColorChecker DC.

Table 4.1. Summary of performance statistics for camera model on ColorChecker DC.
ColorChecker DC
RMS

ΔE00

MI (D65 to A)

Mean

0.0048

0.30

0.20

Maximum

0.0220

1.40

2.81

Minimum

0.0003

0.04

0.01

0.0028

0.19

0.23

Standard
Deviation

Overall, the average performance of the camera model for the training data was good,
with mean RMS error value of less than 5 % and mean color difference and metameric
index of less than 0.5 color difference units. The maximum RMS and color difference
values of 2.2 percent and 1.40 color difference units are acceptable, although the
maximum metameric index of 2.80 color difference units is slightly large. Both RMS
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error and metameric index are important metrics to consider when evaluating
reconstruction since they both give an indication of spectral fit, in different units.
However, as we can see from the results from the training data, a low RMS error value
does not always correspond with a low index of metamerism.

The model performance was further analyzed using three test targets/paintings:
the Gamblin Target, Women, and Small Abstract. A summary of the performance
statistics for the three targets is presented in Tables 4.2 – 4.4. Spectral plots comparing
measurements and camera estimations for every measurement location in the three targets
are available in Appendix C.
Table 4.2. Summary of performance statistics for camera model on Gamblin Target.
Gamblin Target
RMS

ΔE00

MI (D65 to A)

Mean

0.0226

0.90

0.76

Maximum

0.1208

4.38

5.59

Minimum

0.0023

0.05

0.04

0.0327

0.98

1.39

Standard
Deviation
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Table 4.3. Summary of performance statistics for camera model on Women.
Women
RMS

ΔE00

MI (D65 to A)

Mean

0.0110

1.10

0.64

Maximum

0.0255

2.85

1.72

Minimum

0.0032

0.21

0.11

0.0075

0.71

0.47

Standard
Deviation

Table 4.4. Summary of performance statistics for camera model on Small Abstract.
Small Abstract
RMS

ΔE00

MI (D65 to A)

Mean

0.0608

8.55

3.82

Maximum

0.1587

12.82

7.17

Minimum

0.0258

4.16

0.94

0.0500

3.24

2.30

Standard
Deviation

Average performance for the Gamblin Target is acceptable, resulting in average
RMS error of 2.25 % and average color difference and metameric index each having
values less than one color difference unit. Patch number two yielded the largest RMS
error value of 12.08 %, and it was also the patch leading to the greatest values in terms of
color difference and MI, 4.38 and 5.59 color difference units, respectively. This patch
consisted of a mixture of Cobalt Blue and Cadmium Yellow Medium pigments, with no
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Titanium White. It is possible that the spectrum produced by the mixture of these two
pigments is not modeled well by the particular learning-based transformation used in this
research. The measured and predicted spectra for patch number two is presented in
figure 4.1. While the camera estimation does exhibit long- and mid-wavelength range
peaks, they are of differing magnitude and width of those in the measured spectrum; also,
the predicted spectrum exhibits a short wavelength peak that is not present in the
measured spectrum. Overall, it appears that the camera estimated spectrum exhibits a
higher degree of spectral variability. This trend is present in several of the camera
estimations, particularly those of dark colors or those with flat spectra.

Figure 4.1. Measured and camera estimated spectra of patch number two of the Gamblin
Target.
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Average performance for Women is quite good, with RMS error of around 1
percent, which is excellent, color difference of 1.10, and MI of 0.64 color difference
units. Unlike the Gamblin Target, the point resulting in the greatest RMS error of 2.55 %
was not the same point that resulted in the largest color difference and metameric index.
Measurement location six, a medium-lightness orange area resulted in the greatest
spectral error, but measurement location two, a greenish-gray area, resulted in the largest
colorimetric error. Spectral comparisons of measurements and camera estimations for
these two patches are shown in figure 4.2. Both of these predictions exhibit the highest
degree of spectral mismatch in the long-wavelength region. This long wavelength
mismatch is present in several of the Women camera estimations, suggesting that the
camera model is less accurate for long wavelengths.

Figure 4.2. Measured and camera estimated spectra of locations two and six of Women.
The results for the Small Abstract painting were poor, giving average RMS error
of over 6 %, average color difference of 8.55 color difference units, and a metameric
index of 3.82 color difference units over a total of six measurement locations. Camera
estimations for this painting were consistently darker than the measured values, and
exhibited a higher degree of spectral variability. However, measurement positions three
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and four, whose spectral plots are given in Figure 4.3, exhibited the long wavelength
mismatch present in the Women camera estimations as well.

Figure 4.3. Measured and camera estimated spectra of locations three and four of Small
Abstract.
One possible reason for the poor performance of the camera model on this target
is that the spectral properties of the oil paints contained in the painting do not correspond
well to the spectral properties of the ColorChecker DC. Prior research has shown that
spectral properties of the calibration target are of utmost importance for spectral imaging,
more so than colorimetric values or number of patches [Mohammadi, et al. 2005].
Another possible reason is measurement error; the physical measurements may not have
aligned precisely with the image-based measurements, or since this painting was small
and consisted of some fine detail, it is possible that unwanted areas were inadvertently
included in the measurements. Additionally, the surface of this painting is highly
textured and contains varying levels of gloss, which may have affected the measurement
accuracy.
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4.2 Pigment Selection of Calibration Tints
Reflectance spectra of each tint used to create the database were input into the color
matching algorithm and formulations were predicted as if the mixtures were unknowns.
Results were analyzed according to several criteria.
To begin, although the goal of this research is not to provide a tool for pigment
identification, it is important to verify that the Gamblin Conservation Colors can be
accurately predicted using the database. This helps to give an indication as to whether
the estimated k and s data are accurately representing the physical substances and that
they are suitable for prediction of mixtures of unknown composition. Out of the 43
predicted formulas for the characterization tints, 39 correctly identified the two
constituent pigments. Twelve of the predicted tint formulas consisted of only two
correct pigments, while 25 consisted of two correct pigment plus one or more additional
pigments. However, in all 25 of these cases, the additional pigments had predicted very
small concentrations. A comparison of actual and predicted recipes for the 43 tints is
available in Appendix D.
The fact that the masstone-tint method of characterization was employed rather
than the more rigorous tint ladder approach may account for some of the error in the
database accuracy, leading to inaccuracy in selecting the correct pigments in these known
mixtures. Since the intended goal of this software is to provide conservators with a paint
formula to serve as a starting point that may be fine-tuned as needed, the prediction of
very small amounts of pigments not present in the characterization tints may be
acceptable. If a prediction of an unknown mixture contained such small amounts, the
user may deem it more fit to eliminate these very small concentrations since measuring
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them outside a laboratory setting would be difficult. However, if the k and s data are to
be used for more complex tasks, such as very precise pigment selection, pigment
identification, or pigment mapping, it would be advantageous to re-characterize the set of
pigments using a greater number of tints and more extensive optimization techniques.
Also, including the Saunderson correction prior to calculating k and s would improve
accuracy.
The four characterization tints that did not exhibit the two correct pigments in
their predicted formulas were those of Manganese Blue, Transparent Earth Yellow, Raw
Umber, and Ivory Black. The Manganese Blue paint did exhibit slightly different
working properties than the other colorants in the set; it was more dilute, less viscous,
and dried with a very glossy finish, seeming almost like a glaze. The Transparent Earth
Yellow, on the other hand, was quite thick. Raw Umber and Ivory Black both exhibited
somewhat variable surface gloss levels when dry. Perhaps these observations factor in to
the inaccuracy of the characterization of these particular pigments. The opaque form of
the Kubelka-Munk equations makes many simplifications and assumptions, so it is
possible that it is inappropriate to use them to characterize pigments exhibiting such a
wide variety of physical characteristics.
Predictions of the characterization tints were also analyzed according to several
performance metrics: spectral root-mean-square error, CIEDE2000 color difference (this
will also be the color difference unit reported in all subsequent results), and metameric
index. A summary of the statistics is given in Table 4.5.
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Table 4.5. Summary of performance statistics for database characterization.
RMS

ΔE00

MI (D65 to A)

Mean

0.0100

0.85

0.13

Maximum

0.0263

4.65

0.65

Minimum

0.0006

0.01

0.00

0.0073

0.83

0.15

Standard
Deviation

In terms of spectral RMS error and metameric index, the performance of the
database in these predictions appears to be sufficient. The average spectral error is one
percent, which is considered good. All predictions yielded a metameric index of less than
one color difference unit, which is good. The prediction that is producing the maximum
RMS error of 2.63% and the maximum color difference of 4.65 is the Chromium Oxide
Green tint. This particular pigment exhibits a very unique spectral fingerprint with three
peaks in the visible range at around 410, 550, and 730nm; this high degree of spectral
selectivity would presumably make this pigment easy to predict accurately. However
perhaps the relatively large RMS between predicted and measured spectra related to the
fact that the matching algorithm rates formulas according to metameric index rather than
RMS.
The greatest metameric index of 0.65 color difference units resulted in the
prediction of the Transparent Earth Yellow sample. The tint consisted of a mixture of
only Transparent Earth Yellow and Titanium White, but the algorithm predicted a
mixture of Cadmium Orange, Naples Yellow Light, Dioxazine Purple, and Titanium
White. Since this tint did not have correctly identified pigments in the formulation, it is
not surprising that the resulting metameric index is relatively large. The working
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properties of this pigment made it extremely difficult to characterize accurately, and a
more rigorous approach, such as the tint ladder approach or using a multi-flux model for
characterization, is needed.

4.3 Pigment Selection and Recipe Prediction for Gamblin Target
The color-matching algorithm was used to predict a recipe for each of the measured
patches of the Gamblin Target. Predictions were made using both the spectral data
directly measured with the X-Rite Eye-One and with the data obtained from the
multispectral images. Plots comparing measured spectra, measurement-based predicted
spectra, and image-based predicted spectra for all Gamblin Target Patches, as well as
Tables containing actual and predicted recipes, are available in Appendix D.

4.3.1 Predictions of Gamblin Target Based on Contact Spectrophotometry
Since the Gamblin Target consists of mixtures of known composition, it is useful to
compare the predicted recipes with the actual recipes to assess the pigment selection
performance of the color-matching algorithm. Out of 20 mixtures, eight recipes
contained all of the correct pigments, and 12 recipes contained some of the correct
pigments. In the recipes that contained some of the correct pigments, none contained
fewer than two correct pigments. Although the ultimate goal was not to perform pigment
identification, the fact that many pigments were correctly identified gives the indication
that the algorithm and colorant database are capable of this task in some instances.
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However, if correct identification is crucial, this database and/or color-matching
algorithm may not be sufficient.
A summary of the performance of the predictions for the Gamblin Target is
presented in Table 4.6. The match quality in terms of metameric index was good overall
and, the matches were excellent spectrally; the average metameric index value was 0.28
color difference units, and the average RMS error was 0.6 %. As an overall trend, the
predicted spectra exhibited spectral features that matched the measured spectra relatively
closely as a rule; some slight variations in magnitude were present, however.
The mixture with the largest MI value was patch number 13, which is a mixture of
Permanent Green Light, Cadmium Red Medium, and Prussian Blue, giving a dark, nearneutral appearance. The predicted recipe consisted of Indian Yellow, Prussian Blue,
Cadmium Red Light, and Titanium White. The spectral plot in Figure 4.1 (left) reveals
two distinct peaks in the mid-wavelength region for the measured patch that were not
successfully matched in the predicted mixture spectrum (note the scale of the vertical
axis). Although this predicted recipe led to RMS error and color difference values of
0.48 % and 0.83, which are relatively low, the pigments selected were not all correct and
led to a mixture that has the potential for metamerism. It is possible that this mixture’s
low reflectance factor, with all values being below 0.05, made it a particularly difficult
spectrum to match.
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Table 4.6. Performance of Gamblin Target formulations made from contact
measurements.
Gamblin Target Formulations
RMS

ΔE00

MI (D65 to A)

Mean

0.0060

1.37

0.28

Maximum

0.0135

8.44

1.91

Minimum

0.0021

0.32

0.19

0.0030

1.74

0.41

Standard
Deviation

Figure 4.1. Spectral plots of measured and predicted mixtures for patches 13 and 6 of
Gamblin Target, the patches with highest MI values.

The mixture exhibiting the largest color difference between the measured sample
and predicted match was patch number six, which is a combination of Ultramarine Blue
and Dragon’s blood, leading to a very dark appearance as in patch number 13 discussed
above. While the predicted recipe did include Ultramarine Blue, it was combined with
Indian Yellow rather than a red pigment; the RMS error was low, but the accompanying
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color difference was quite high at 8.55 and MI value was the second largest for this
target, with a value of 0.54. The differences in measured and predicted spectra are
particularly noticeable in the short- and long- wavelength regions.
The predicted recipe for the Gamblin Target resulting in the closest match in
terms of metameric index was patch number 9, which is mixture of Phthalocyanine Blue,
Cadmium Yellow Light, and Titanium White. The spectral RMS error was also very low
for this patch, with a value of 0.26 % (see Figure 4.2 for spectral plots), and the predicted
recipe contained all of the correct pigments. Overall, the colorant database and colormatching algorithm produced acceptable results for the known mixtures contained in the
Gamblin Target test target.

Figure 4.2. Spectral plots of measured and predicted mixtures for patch 9 of Gamblin
Target, the patch with lowest MI values.
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4.3.2 Predictions of Gamblin Target Based on Multispectral Images
In quantitative terms, the predictions made from spectra estimated from multispectral
images were worse than those made based on direct spectrophotometric measurements.
As can be seen in Table 4.7, average colorimetric performance for the Gamblin Target
was not bad, with an average metameric index and color difference values of less than
one. However, the RMS error Gamblin Target averaged a value slightly higher than ideal
at 2.26 %. It should be noted that in this section are formulations made from estimated
camera spectra are being compared to actual physical measurements of the target, not the
camera model estimates.

Table 4.7. Performance of Gamblin Target formulations made from image-based
measurements
Gamblin Target Image-Based Formulations
RMS

ΔE00

MI (D65 to A)

Mean

0.0226

0.90

0.76

Maximum

0.1208

4.38

5.59

Minimum

0.0023

0.05

0.04

Standard Deviation

0.0327

0.98

1.39

Unlike predictions made from contact measurements, the image-based predictions
generally exhibit more spectral variability, and features are often of differing magnitudes
and in different locations than the measured spectra. For example, see Figure 4.3; patch 9
generally exhibits close agreement between measured and predicted spectra in the short
wavelength region, but the mid wavelength peak of the image-based prediction is of a
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different shape and slightly shifted towards the long wavelength region. Likewise, patch
17 has good agreement in shorter wavelengths, but the image-based prediction has a two
small peaks not present in the measured spectrum, which is quite flat.

Figure 4.3. Comparison of measured and predicted spectra for patches 9 and 17 of the
Gamblin Target.
The worst predictions in terms of metameric index for the Gamblin Target is
patch number two, with a value of 5.59 color difference units. This patch has two very
distinct peaks. It can be seem from Figure 4.4 (right) that the image-based prediction has
a slightly lower reflectance factor overall. The shapes of the spectra are highly similar,
but the mid wavelength peak in the image-based prediction does not reach the same
height as the measured spectrum.
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Figure 4.4. Best and worst image-based predictions for Gamblin Target.
The best prediction for this target, patch 6, resulted in an MI value of 0.04 color
difference units, which is very low. Surprisingly, this patch is a very dark, spectrally
neutral color; such colors are often prone to metameric matches. As can be seen in
Figure 4.4 (left), most of the variation between the measurement and the image-based
prediction is in the long wavelength region.

4.4 Recipe Prediction for Oil Paintings

4.4.1 Predictions of Oil Paintings Based on Contact Spectrophotometry
Recipe predictions for the two oil paintings performed well in terms of metameric index
between measured and predicted colors. However, since the pigment compositions of
these paintings are not known, nor are the pigments the same as those contained in the
Gamblin Conservation Colors, it is not possible to assess pigment identification
performance for these targets. The average MI for both Women and Small Abstract was
0.21 color difference units. Even the maximum MI values for each target were relatively
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low at 0.55 and 0.46 for Women and Small Abstract, respectively. Average spectral RMS
error was good for both targets, although the average value for Small Abstract was almost
twice that of Women. Similarly, the average color difference between measured and
predicted colors was 2.12 color difference units for Small Abstract versus 1.04 for
Women. Summaries of all performance statistics of the predictions for the oil paintings
are presented in Tables 4.8 and 4.9, and a complete table of predicted recipes for all three
targets is available in Appendix D.
Table 4.8. Performance of Women formulations made from contact measurements
Women Formulations
RMS

ΔE00

MI (D65 to A)

Mean

0.0058

1.04

0.21

Maximum

0.0135

2.29

0.55

Minimum

0.0003

0.13

0.01

0.0038

0.71

0.17

Standard
Deviation
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Table 4.9. Performance of Small Abstract formulations made from contact measurements
Small Abstract Formulations
RMS

ΔE00

MI (D65 to A)

Mean

0.0110

2.12

0.21

Maximum

0.0362

5.87

0.46

Minimum

0.0024

0.27

0.05

0.0127

2.10

0.15

Standard
Deviation

The general trends present in the Gamblin Target predictions also present
themselves in the predictions for Women. The predictions based on contact
measurements are generally very similar in shape to the actual measurements, but much
of the mismatch that does occur is in the long wavelength regions. For example, see the
spectral plots for measurement position 12 in Figure 4.5. The predicted spectrum
exhibits a long wavelength dip that is not present in the measured spectrum.
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Figure 4.5. Measured and predicted spectra for Women oil painting, location 12.
The best and worst predictions in terms of metameric index for Women were
measurement positions 11 and 5, respectively. The measured and predicted spectra for
both positions are plotted in Figure 4.6. Position 11 is a dark, spectrally neutral color,
and the prediction exhibits a very high degree of overlap with the measured spectra,
which differs from the Gamblin Target predictions in which darker colors were often
more difficult to match. Position 5 is a greenish-yellow, and the difference in mid- to
long-wavelength spectral shape can be clearly seen in the spectral plots below.
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Figure 4.6. Best and worst contact-based predictions for Women oil painting.

For the Small Abstract oil painting, the contact measurement-based predictions
generally agreed closely with measurements; the long wavelength mismatch trend was
not observed in these predictions. The best and worst performing predictions for Small
Abstract were positions 4 and 2; their spectral plots are presented in Figure 4.7. Both sets
of spectra exhibit a similar degree of mismatch; i.e., peaks in the measured spectra are not
emulated in the predictions. Interestingly, the color with the best performance in terms of
metameric index for this target, patch 4, is also a greenish-yellow color, a color also
difficult to match in Women.
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Figure 4.7. Best and worst contact-based predictions for Small Abstract oil painting.

4.4.2 Predictions of Oil Paintings Based on Multispectral Images

The quality of the image-based predictions for the oil paintings was lower than those
made from contact measurements. However, predictions for Women met with some
success; the average performance statistics, summarized in Table 4.10, are greater than
those of the contact measurement-based predictions, but are still acceptable.

Table 4.10. Performance of Women formulations made from image-based measurements
Women Image-Based Formulations
RMS

ΔE00

MI (D65 to A)

Mean

0.0127

1.86

0.61

Maximum

0.0272

4.47

1.98

Minimum

0.0036

0.90

0.04

0.0082

0.98

0.52

Standard
Deviation
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Like the contact measurement-based predictions, these spectra show more
variability overall and often disagree in long wavelength regions. Again, refer to patch 12
in Figure 4.5. In this case, the predicted spectrum has the same general shape as the
measurement, but does not reach the same magnitude in reflectance factor in the long
wavelengths.
Spectral plots of the best and worst image-based predictions for Women are
shown in Figures 4.5 and 4.6. Although the prediction for position 7 in Women failed to
match the mid- and long-wavelength peaks of the measured spectrum, it was still the
prediction with the lowest metameric index. The prediction for position 2 is also darker
than the measured spectrum, although somewhat similar in spectral shape.

Figure 4.6. Best and worst image-based predictions for Women painting.

The average performance of the image-based predictions for the Small Abstract
painting were poor compared to that of the other two targets; this is very likely linked to
the poor performance of the camera model in estimating the spectra for this painting. The
colorimetric performance in particular was very poor, with an average value of 9.75 color
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difference units, and a maximum of 18.28 color difference units. Table 4.11 summarizes
the performance statistics.

Table 4.11. Performance of Small Abstract formulations made from image-based
measurements
Small Abstract Formulations
RMS

ΔE00

MI (D65 to A)

Mean

0.0233

9.75

2.20

Maximum

0.0482

18.28

4.13

Minimum

0.0092

1.41

0.39

0.0142

7.96

1.56

Standard
Deviation

Although three out of six of the formulations for Small Abstract resulted in very large
color differences (16 or greater), two of the positions did produce matches with a
metameric index of less than one color difference unit. These were position 5, a bluishviolet color, and position 3, a dark magenta region; the spectra for these two
measurements are plotted in Figure 4.7. For position 5, there appears to be no overlap in
the spectra at all, and in position 3 there are several points where the spectra intersect;
even so, these two colors could be matched successfully.
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Figure 4.7. Two best predictions for Small Abstract in terms of metameric index.

4.5 Comparison of Methods

In order to help determine the usefulness of multispectral imaging as a tool in colorant
formulation, it must be compared with traditional contact measurements. As detailed in
section 4.1, the camera model performed moderately well for some colors and poorly for
others, leaving much room for improvement in the method of spectral estimation.
However, when recipes predicted from spectra obtained using the two measurement
techniques are compared, there are many recipes that are similar.
Eleven out of twenty Gamblin Target recipe predictions contained at least two of
the same pigments across the two methods. Of those, two patches (patches 1 and 3)
contained exactly the same pigments, which were also the same pigments contained in
the actual sample mixtures. Nevertheless, the predictions made from multispectral
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images did not generally perform well in pigment identification, so the methods used in
the research need improvement if pigment identification is the desired objective.
For the oil paintings, agreement between the recipes obtained via the two
measurement methods was varied. In Women, nine out of 14 recipes contained at least
two pigments in agreement, with two locations containing the same pigments across the
two methods. One of these locations was position 7, which was also one of the best
performing matches for the multispectral image method. It is interesting that low spectral
RMS error in spectra estimated from the camera model does not necessarily lead to
greater agreement in recipes predicted by the two. For example, measurement position 5
had an RMS error of 0.32 % between measured and camera estimated spectra and
contained all four of the same pigments in both predicted recipes, but measurement
position 4, which also had a low camera model spectral error of 0.42 %, contained none
of the same pigments in the two recipes.
The agreement between recipes for the Small Abstract painting was poor, which is
not surprising since the camera model also performed poorly for this target. Five of the
six measurement locations had completely different pigments contained in the two sets of
recipes; one location, position 5, had two pigments in agreement across the two methods.
Three of the recipes predicted from image-based measurements were simply masstones.
Although there were varying degrees of agreement in recipes predicted using the
two measurement techniques, good matches were achieved with both methods. It is true
that the metameric index for matches made from image-based measurements were higher
on average, but there were cases that did produce a close match. Keeping in mind that
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minimizing metameric index is the goal of the matching algorithm, both methods are
capable of producing acceptable color matches.

4.6 Summary
In this chapter, the results of the research were discussed. The camera model performed
moderately well for the Gamblin Target and the Women oil painting, but was much less
accurate for the Small Abstract oil painting. In order for improved accuracy in the
camera model, it is suggested that the training target more closely approximate the
spectral characteristics of the artists' materials used.
Pigment selection performance was acceptable for the database creation tints and
the Gamblin Target mixtures. A majority of the predictions included the correct
pigments. However, some included extraneous or incorrect pigments, likely caused by
the simplified method of characterizing the optical properties of the pigments.
Predictions using both contact measurements and image-based measurements
exhibited a range of accuracy, with generally good performance. However, image based
measurements were less accurate due to the inaccuracies in the camera model. The
estimated spectra of the predicted recipes were typically more spectrally selective than
the actual measurements, with these differences magnified in the image-based
predictions. Additionally, there was a high instance of long wavelength mismatch
between measured and predicted spectra for both contact- and image-based predictions.
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CHAPTER 5. SUMMARY, CONCLUSIONS, AND FUTURE
RESEARCH
5.1 Summary
The goals established at the outset of this research included characterizing the optical
properties of the Gamblin Conservation Colors, developing a specialized software
program for colorant formulation in art restoration applications, and to investigate
multispectral imaging as a useful tool in colorant formulation.
The spectral database of optical properties for 43 Gamblin Conservation Colors
was created by preparing physical samples of the paints, measuring the samples’ spectral
reflectance with a spectrophotometer, and applying the equations from Kubelka-Munk
turbid media theory. The opaque simplification of the equations was used, and the
masstone-tint method in which only two samples per colorant was used to estimate the
spectral model coefficients, unit k and unit s. The accuracy of the database
characterization was acceptable for the intended use in the current research project, which
was to predict a recipe that conservators may use as a starting point in creating an
appropriate mixture for inpainting. The only exceptions were Manganese Blue and
Transparent Earth Yellow, which were characterized poorly, most likely because of their
transparency properties, and Raw Umber and Ivory Black, which exhibited uneven
surface gloss levels.
A prototype custom color matching and pigment selection software program,
Virtual Palette, was developed and implemented in the Matlab environment. A spectral
color matching algorithm based on that developed by Walowit, et al. was integrated into
the program. An automatic pigment selection method was implemented, in which all
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possible 3-color (plus white) combinations of the 43 pigments are evaluated as a possible
recipe. The recipe leading to the lowest metameric index value was chosen. The output
of the recipe prediction algorithm also included spectral plots and color appearance
renderings for two illuminants, so that the user can perform curve shape comparison and
visual evaluation of the color match. The color-matching algorithm was tested by
evaluating recipe predictions for three test targets.
Finally, multispectral imaging was tested as an alternate measurement approach to
be used in conjunction with computer colorant formulation. Image capture was
accomplished using a digital trichromatic CFA camera coupled with two absorption
filters, leading to a six-channel image. A learning based transformation was derived from
the results of principal components analysis on the spectral reflectance of a ColorChecker
DC calibration target. The transformation was used to estimate 31-channel reflectance
spectra from 6-channel images. Image-based spectral estimations were then used to
predict color matches for various measurement locations on the test targets. Resulting
colorant formulations from traditional contact measurements and image-based
measurements were also compared.
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5.2 Conclusions
The performance of the characterization of the optical constants contained in the Gamblin
Conservation Color database are acceptable for the intended pigment selection
requirements, with the exception of the four pigments listed in the previous section. An
average spectral RMS error of 1 % between measured and simulated mixtures is
considered good overall. If the database were to be used for other applications such as
very precise recipe prediction or pigment identification, the characterization would need
to be improved. One way to accomplish this objective would be to create a greater
number of samples per colorant and use more rigorous optimization techniques to achieve
increased accuracy in the predictions of k and s. Another approach might be to optimize
the Saunderson coefficients K1 and K2 to improve the model of interactions between light
and media in this particular colorant system. Additionally, it is probable that the opaque
simplification is not appropriate for some of the colorants in the set, and the general form
of Kubelka-Munk or an appropriate multi-flux model would produce better results.
The camera model performed moderately well for the Women oil painting, with
an average RMS error of around 1 %. Spectral estimations for the Gamblin Checker
were less accurate on average, and estimations for the Small Abstract oil painting were
generally poor. One reason for this is that the training target may not have been
appropriate for the pigments being imaged, since the ColorChecker DC is intended for
use in photography; it is possible that the model could be improved by employing a
calibration target that more accurately represents the spectral variability in artists’
materials.
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The recipe predictions based on contact spectrophotometry performed generally
well, resulting in an average metameric index of less than 0.5 CIEDE2000 color
difference units for all three test targets. For the Gamblin Checker, darker colors
generally resulted in less accurate recipe predictions. Similar trends were not observed
for the predictions in the oil paintings, however.
Predictions based on image-based measurements varied in their accuracy, with
some being quite good an others being very poor. Predictions for the Small Abstract
painting were particularly poor, undoubtedly due to the error introduced by the camera
model for this target. However, all three test targets did have formulations that resulted
in an MI value less than one color difference unit, so close matches in this sense are
possible.
There was not a large degree of agreement in the pigments selected for
corresponding recipe predictions using the two measurement methods, i.e. pigments
chosen for a color match based on contact measurements were not always the same
pigments chosen for a match based on image-based measurements. This needs
improvement in order for multispectral imaging to be considered a useful addition to the
colorant formulation process.
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5.3 Future Research
Some major topics that need to be taken into consideration in future research into
colorant formulation for art restoration applications are transparency and surface
properties of the paint materials. As can be seen from the results of the database
characterization, the Kubelka-Munk simplification for opaque materials may not be
appropriate for some paints, so perhaps more work is necessary in order to characterize
artists’ materials in a more comprehensive manner.
Additionally, paintings are very seldom comprised of areas of one opaque layer of
paint; they often contain complex layers of backgrounds, glazes, mottling, etc. This must
be taken in to consideration when measuring the color to be matched since it is
inappropriate to model such complex light-matter interactions with a simplified model.
Perhaps more complete physical models, such as four-flux or multi-flux turbid media
theories could be applied to this task in the future. Furthermore, surface properties such
as gloss and texture can also influence color appearance, so further research may need to
be conducted on how the surface properties may cause the ideal pigment combination to
change.
The software itself offers much potential for future improvements. One addition
could be integrating the image processing pipeline directly into the graphical user
interface so that the user can build spectral transformations, import images, and select
pixel regions to be matched directly from Virtual Palette. Much improvement to the
spectral imaging approach must be done before this addition can occur. Characterizing
and incorporating additional colorant databases, comprised of paint systems other than
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the Gamblin Conservation Colors, may prove beneficial. Additionally, offering the user
the option to limit the number of pigments from which the software chooses may be
beneficial, as would offering the option to optimize for a match under other standard
illuminants or even custom light sources. Of course, user testing will be invaluable in
deciding which changes to implement in the future, and the open-source nature of the
software will facilitate future modifications.
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APPENDIX A. MATHEMATICS OF SPECTRAL
RECONSTRUCTION ALGORITHMS

A.1 Direct Reconstruction
For this type of reconstruction, different types of regression are employed, all requiring
knowledge of the spectral characteristics of the imaging system, as described in Chapter
2. A straightforward way to accomplish this is to use an underdetermined pseudoinverse
approach [Ribés and Schmitt 2008]. This model directly inverts the expression presented
in Eq. (2.21) to determine the operator O.
O = Θ(Θ′Θ) -1

(A.1)

where Θ is an m-by-k matrix that accounts for the properties of all components of the
imaging system: detector spectral sensitivity, spectral transmission of the filters, and light
source spectral power distribution. Since the number of channels k will likely be smaller
than the number of wavelengths m in most abridged spectral imaging systems, the
mathematical problem is underdetermined. Because of this, many reflectance spectra can
be represented by the same set of camera signals, leading to issues of metamerism. This
direct technique may not be the most effective reconstruction algorithm to use with
abridged imaging spectrometer systems. It was also found that this type of reconstruction
was very susceptible to errors due to noise [Hardeberg 1999].
One method of direct reconstruction that does take system noise in to account in
the determination of the inverse operator is the Wiener Inverse method. In this model,
the operator O is defined as
O = RrrΘ(Θ′RrrΘ + Rnn) -1

(A.2)
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where Rrr is the correlation matrix of object spectral reflectance factors, determined from
a reflectance database, and Rnn is the correlation matrix of noise, determined from as
estimate of the noise in the imaging system [Pratt and Mancill 1976].
Other direct reconstruction methods include Hardeberg’s Method, which makes
use of eigenvectors, determined from a reflectance database, and imaging system
characteristics Θ in solving for linear inverse operator O [Hardeberg 1999]. A
Smoothing Inverse Method uses a smoothing constraint in the inversion of camera system
characteristics Θ in determining O [Herzog, et al. 1999]. Neither of these methods
account for system noise.

A.2 Learning-Based Reconstruction
Spectral reconstructions in which the model is built using a priori knowledge of a
calibration target are referred to as learning-based reconstructions. The most basic
learning-based reconstruction is the simple pseudoinverse method, in which a direct
transformation is derived between camera signals and measured reflectance of the
training data. The model is expressed in the following equations
R = Mc

(A.3)

M = Rc′(cc′)-1

(A.4)

where R represents a m-by-n matrix of measured reflectance values of the calibration
target of n patches, c is a k-by-n matrix of camera signals, and M is a m-by-k
transformation matrix. Since the number of patches in the calibration target, n, is usually
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greater than the number of sampled wavelengths in the measured reflectance spectra, m,
and the system presents an overdetermined problem. The transformation minimizes the
average spectral reflectance error. Once the matrix M is known, it can be used to
estimate spectral reflectance of other targets based on multispectral images using the
same system. The values obtained for matrix M can also be used as starting values for
nonlinear optimization of the matrix coefficients where the objective is to minimize
another error metric, for example, average color difference, spectral error, or metameric
index be between measured and model-predicted values.
Principal components analysis (PCA) is also a useful tool for learning-based
spectral reconstruction based on multispectral images. PCA is performed on the set of
training data, thus reducing the dimensionality of the data set. The optimal number of
eigenvectors needed to reconstruct the data can be determined based on the percent of
variance that is attributed to each eigenvector. Since the largest amount of variance in the
data set is attributed to the first eigenvector, the second largest amount to the second
eigenvector, and so forth, the amount of total variance accounted for by each eigenvector
will approach zero as more eigenvectors are added [Tzeng and Berns 2005].
Once the optimal number of eigenvectors has been determined, the reflectance of
the calibration target can be expressed as a linear combination of the eigenvectors E
weighted by the appropriate scalars b, determined through linear regression.
R = Eb

(A.5)

If weights b are known for the training set, a model can be constructed that relates
input multi-channel camera signals to scalar values
b = Mc

(A.6)
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M = b(c′c)-1c′

(A.7)

Reflectance of other unknown targets can be reconstructed based on transformation
matrix M, camera responses, and eigenvectors of the calibration target.
R = EMc

(A.8)

Another effective method for learning-based reconstruction is the Matrix R
method, which was developed by Cohen and Kappauf and is based on the Wyszecki
hypothesis that any stimulus can be broken down into two distinct spectra: a fundamental
stimulus and a metameric black. [Cohen and Kappauf 1982] Here, metamers are defined
as the same fundamental stimulus but different metameric blacks for certain conditions.
The mathematical model of the Matrix R method is as follows:
Matrix R is defined as
R = A(A′A)-1A′

(A.9)

where A is a matrix of tristimulus weights for a specific illuminant and observer
combination. The fundamental stimulus spectrum, N*, and metameric black spectrum, B,
are determined using measured reflectance values N as follows,
N* = RN

(A.10)

B = N – N*

(A.11)

It is also possible to calculate the fundamental stimulus using a matrix of tristimulus
values,
N* = A(A′A)-1T
T = A′N

(A.12)
(A.13)
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Using the Matrix R method to estimate spectral reflectance from multi-channel
input camera signals involves two steps. The first is to transform camera signals to
estimated spectral reflectance, Nest, using an equation in the form of Eq. (A.3) (simple
pseudoinverse). Since tristimulus values are also needed, a transformation must be made
between camera signals and tristimulus values. This is accomplished by performing a
multiplication between calculated tristimulus values of the training data set and the
pseudoinverse of the camera signals to obtain a colorimetric transformation matrix, Mc.
Estimated tristimulus values are then calculated by multiplying Mc by the camera signals
matrix c.
Finally, once spectral and colorimetric estimates are obtained, the final spectral
reflectance is estimated by implementing the Matrix R equation,
Nfinal = A(A′A)-1Test + (I – A(A′A)-1A′)Nest

(A.14)

where I represents an identity matrix.
Since the Matrix R method combines both spectral and colorimetric
transformations to estimate the spectral reflectance, it has potential to provide estimates
that are more accurate. Zhao and Berns compared the performance of Matrix R to several
other methods of spectral reconstruction, and it produced the best results for all targets
tested in their research. [Zhao and Berns 2007]
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APPENDIX B. PIGMENT AND SAMPLE COMPOSITION DATA

Figure B.1. Unit k and s for Gamblin Conservation Colors in the red category.
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Figure B.2. Unit k and s for Gamblin Conservation Colors in the orange and yellow
categories.
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Figure B.3. Unit k and s for Gamblin Conservation Colors in the green category.
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Figure B.4. Unit k and s for Gamblin Conservation Colors in the blue and violet
categories.
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Figure B.5. Unit k and s for Gamblin Conservation Colors in the transparent earths
category.
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Figure B.6. Unit k and s for Gamblin Conservation Colors in the earths category.
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Figure B.7. Unit k and s for Gamblin Conservation Colors in the black and white
categories.
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Table B.1. Composition on database characterization samples. All tints made with
Titanium Dioxide White.
Weight (g)
Pigment Name

Concentration

Chromatic

TiO2

Chromatic

TiO2

Alizarin Permanent

1.27

1.73

0.42

0.58

Cadmium Red Light

1.80

1.16

0.61

0.39

Cadmium Red Medium

1.77

1.25

0.59

0.41

Dragon's Blood

1.81

1.21

0.60

0.40

Quinacradone Red

1.81

1.15

0.61

0.39

Cadmium Orange

1.83

1.19

0.61

0.39

Mars Orange

1.75

1.24

0.59

0.41

Cadmium Yellow Light

1.82

1.21

0.60

0.40

Cadmium Yellow Medium

1.79

1.23

0.59

0.41

Hansa Yellow Medium

1.81

1.22

0.60

0.40

Indian Yellow

1.84

1.21

0.60

0.40

Naples Yellow Light

1.85

1.14

0.62

0.38

Naples Yellow Deep

1.76

1.23

0.59

0.41

Chromium Oxide Green

1.77

1.21

0.59

0.41

Cobalt Green

1.79

1.21

0.60

0.40

Permanent Green Light

1.88

1.09

0.63

0.37

Phthalocyanine Green

1.66

1.33

0.56

0.44

Viridian

1.80

1.21

0.60

0.40

Cobalt Blue

1.81

1.19

0.60

0.40

Manganese Blue

1.79

1.17

0.60

0.40

Phthalocyanine Blue

1.84

1.18

0.61

0.39

Prussian Blue

1.83

1.33

0.58

0.42
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Ultramarine Blue

1.84

1.21

0.60

0.40

Cobalt Violet

1.80

1.21

0.60

0.40

Dioxazine Purple

1.76

1.29

0.58

0.42

Ultramarine Violet

1.78

1.31

0.58

0.42

Trans. Earth Brown

1.72

1.30

0.57

0.43

Trans. Earth Orange

1.48

1.48

0.50

0.50

Trans. Earth Red

1.71

1.31

0.57

0.43

Trans. Earth Yellow

1.79

1.26

0.59

0.41

Brown Madder Alizarin Perm

1.84

1.15

0.62

0.38

Burnt Sienna

1.35

1.67

0.45

0.55

Burnt Umber

1.79

1.25

0.59

0.41

Greenish Umber

1.22

1.80

0.40

0.60

Indian Red

1.77

1.22

0.59

0.41

Raw Sienna

1.78

1.24

0.59

0.41

Raw Umber

1.81

1.21

0.60

0.40

Venetian Red

1.76

1.26

0.58

0.42

Yellow Ochre

1.86

1.14

0.62

0.38

Black Spinel

1.79

1.21

0.60

0.40

Ivory Black

1.19

1.84

0.39

0.61

Lamp Black

1.71

1.31

0.57

0.43
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Table B.2. Composition of Gamblin Target patches.
Patch

Recipe
Pigments

1

Patch

Recipe

c

Cobalt Blue

0.27

Cadmium Yellow Medium
Titanium White

Pigments
11

c

Permanent Green Light

0.35

0.26

Raw Sienna

0.37

0.47

Phthalocyanine Blue

0.29

Brown Madder Alizarin
2

3

4

12
Cobalt Blue

0.48

Perm

0.27

Cadmium Yellow Medium

0.52

Viridian

0.19

Cadmium Orange

0.54

Permanent Green Light

0.32

Quinacradone Red

0.25

13

Hansa Yellow Medium

0.25

Cadmium Red Medium

0.53

Titanium White

0.50

Prussian Blue

0.15

Quinacradone Red

0.51

Permanent Green Light

0.08

Hansa Yellow Medium

0.49

Raw Sienna

0.10

Phthalocyanine Blue

0.30

Titanium White

0.51

14

Brown Madder Alizarin
5

6

15
Ultramarine Blue

0.25

Perm.

0.22

Dragon's Blood

0.25

Viridian

0.15

Titanium White

0.50

Cadmium Orange

0.22

Titanium White

0.41

Permanent Green Light

0.16

Cadmium Red Medium

0.30

Prussian Blue

0.08

Titanium White

0.45

Ultramarine Blue

0.50

Dragon's Blood

0.50

16
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7

8

9

10

Quinacradone Red

0.25

Cadmium Yellow Medium

17

Ivory Black

0.16

0.25

Manganese Blue

0.47

Titanium White

0.50

Titanium White

0.38

Quinacradone Red

0.50

Ivory Black

0.11

Cadmium Yellow Medium

0.50

Quinacradone Red

0.40

Titanium White

0.49

Chromium Oxide Green

0.41

18

Phthalocyanine Blue

0.25

19

Cadmium Yellow Medium

0.27

Ivory Black

0.09

Titanium White

0.48

Titanium White

0.50

Phthalocyanine Blue

0.48

Naples Yellow Light

0.58

Cadmium Yellow Light

0.52

Ivory Black

0.09

Titanium White

0.32

20
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APPENDIX C. CAMERA MODEL ESTIMATION PLOTS

Figure C.1. Measured and camera estimated spectra for Gamblin Target patches 1-6.
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Figure C.2. Measured and camera estimated spectra for Gamblin Target patches 7-14.
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Figure C.3. Measured and camera estimated spectra for Gamblin Target patches 15-20.
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Figure C.4. Measured and camera estimated spectra for Women positions 1-8.
122

Figure C.5. Measured and camera estimated spectra for Women patches 9-14.
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Figure C.6. Measured and camera estimated spectra for Small Abstract.
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APPENDIX D. PREDICTED RECIPE DATA
Table D.1. Comparison of actual recipe and predictions for Gamblin Target.
Patch

1

2

3

Pigments

c

Cobalt Blue
Cadmium Yellow
Medium
Titanium White

Cobalt Blue
Cadmium Yellow
Medium

Quinacradone
Red
Hansa Yellow
Medium
Titanium White

4

5

6

Predicted from
Measurements

Recipe

Quinacradone
Red
Hansa Yellow
Medium

Predicted from
Image
c

Pigments

c

0.27

Pigments
Cadmium Yellow
Medium

0.20

0.01

0.26
0.47

Cobalt Blue
Titanium White

0.35
0.45

Mars Orange
Cadmium Yellow
Medium
Cobalt Blue
Titanium White

0.48

Cadmium Yellow
Medium

0.35

Cobalt Blue
Titanium White

0.56
0.10

0.52

0.25

Quinacradone
Red
Hansa Yellow
Medium

0.50

Titanium White

0.25

0.51
0.49

Quinacradone
Red
Cadmium Yellow
Light

0.29
0.26
0.45

0.53
0.12

Indian Yellow
Titanium White

0.28
0.07

Dragon's Blood
Hansa Yellow
Medium
Ultramarine Blue
Titanium White

0.21

Ultramarine Blue

0.25

Dragon's Blood
Titanium White

0.25
0.50

Ultramarine Blue

0.50

Indian Yellow

0.11

Dragon's Blood

0.50

Ultramarine Blue

0.89

0.03
0.30
0.45

0.21
0.37
0.41

Cadmium Yellow
Medium

0.25

Indian Yellow
Cobalt Blue
Titanium White

0.08
0.59
0.08

Cadmium Red
Medium
Quinacradone
Red
Hansa Yellow
Medium
Titanium White
Cadmium Red
Medium
Mars Orange
Cadmium Yellow
Light

Alizarin
Permanent
Chromium Oxide
Green
Dioxazine Purple
Titanium White
Indian Yellow
Naples Yellow
Light
Ultramarine Blue

0.01
0.26
0.25
0.48

0.48
0.11
0.41

0.44
0.06
0.04
0.45
0.15
0.04
0.81
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Table D.1 continued:
Pigments
7

8

9

c

Pigments

c

Quinacradone Red
Cadmium Yellow
Medium
Titanium White

0.25

Quinacradone Red
Cadmium Yellow
Medium
Cobalt Violet
Titanium White

0.31

Quinacradone Red
Cadmium Yellow
Medium

0.50

Dragon's Blood
Cadmium Yellow
Medium
Titanium White

0.46

Phthalocyanine
Blue
Cadmium Yellow
Medium
Titanium White

10

11

Phthalocyanine
Blue
Cadmium Yellow
Light

Permanent Green
Light
Raw Sienna
Phthalocyanine
Blue

12

0.25
0.50

0.50

0.25
0.27
0.48

0.48
0.52

0.35
0.37
0.29

Brown Madder
Alizarin Perm

0.27

Viridian

0.19

Cadmium Orange

0.54

Cadmium Yellow
Medium
Naples Yellow
Deep
Phthalocyanine
Blue
Titanium White
Cadmium Yellow
Medium
Naples Yellow
Deep
Phthalocyanine
Blue
Titanium White

0.19
0.01
0.49

0.52
0.02

0.20

Pigments
Quinacradone
Red
Hansa Yellow
Medium
Titanium White

Quinacradone
Red
Cadmium Yellow
Light
Indian Yellow
Titanium White

c
0.28
0.34
0.38

0.36
0.05
0.47
0.13

0.36
0.40

Dragon's Blood
Hansa Yellow
Medium
Phthalocyanine
Green
Titanium White

0.41

Permanent Green
Light

0.39

0.03

Prussian Blue

0.03

0.54
0.03

Greenish Umber

0.57

0.04

0.11
0.17
0.44
0.29

Dragon’s Blood
Permanent Green
Light
Phthalocyanine
Blue

0.26

Permanent Green
Light

0.56

0.48

Prussian Blue

0.03

0.26

Black Spinel

0.41

Cadmium Orange
Hansa Yellow
Medium
Trans. Earth
Yellow

0.05

Indian Yellow

0.44

0.02

Burnt Sienna

0.40

0.93

Ivory Black
Titanium White

0.02
0.15
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Table D.1 continued:
13

14

Pigments
Permanent Green
Light
Cadmium Red
Medium

0.32

Indian Yellow

0.74

Indian Yellow

0.46

0.53

0.08

0.15

Prussian Blue
Brown Madder
Alizarin Perm

0.01

Prussian Blue

Prussian Blue
Cadmium Red
Light
Titanium White

Permanent Green
Light

0.08

Cobalt Green
Permanent Green
Light
Phthalocyanine
Blue
Titanium White

0.29

0.09

0.10

Cobalt Green
Permanent
Green Light

0.26
0.35

Manganese Blue
Titanium White

0.85
0.05

0.19

Raw Sienna
Phthalocyanine
Blue
Titanium White
15

16

17

c

0.10
0.30
0.51

Pigments

Brown Madder
Alizarin Perm.

0.22

Viridian
Cadmium Orange
Titanium White

0.15
0.22
0.41

Cadmium Orange
Phthalocyanine
Green
Burnt Sienna
Titanium White

0.16

c

0.17
0.01

Pigments

0.04
0.38
0.39

Cadmium
Orange
Naples Yellow
Deep
Burnt Umber
Titanium White

Cadmium Yellow
Medium

0.17

Naples Yellow
Light

0.30

Prussian Blue

0.07

Prussian Blue
Titanium White

0.08
0.45

Indian Red
Titanium White

0.29
0.47

Ivory Black
Manganese Blue
Titanium White

0.16
0.47
0.38

Phthalocyanine
Green
Ivory Black
Titanium White

0.01
0.30
0.69

Permanent Green
Light
Cadmium Red
Medium

Prussian Blue
Brown Madder
Alizarin Perm
Titanium White
Hansa Yellow
Medium
Manganese Blue
Indian Red
Titanium White

c

0.52

0.01

0.11
0.15
0.40
0.33

0.44
0.03
0.43
0.10

0.02
0.84
0.02
0.12
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Table D.1 continued:
18

19

20

Pigments
Ivory Black
Quinacradone
Red
Titanium White

c
0.11

Pigments
Quinacradone Red

c
0.46

Pigments
Quinacradone Red

c
0.47

0.40
0.49

Cobalt Blue
Ivory Black
Titanium White

0.01
0.09
0.44

Indian Red
Black Spinel
Titanium White

0.02
0.07
0.44

0.01

0.11

0.50
0.01
0.48

'Indian Yellow'
'Phthalocyanine
Green'
'Ultramarine Blue'
'Titanium White'

0.56
0.01
0.10
0.32

'Naples Yellow
Light'
'Cobalt Violet'
'Ivory Black'
'Titanium White'

Chromium Oxide
Green

0.41

Ivory Black
Titanium White

0.09
0.50

Naples Yellow
Light
Ivory Black
Titanium White

0.58
0.09
0.32

'Cadmium Red
Light'
'Chromium Oxide
Green'
'Prussian Blue'
'Titanium White'
'Naples Yellow
Light'
'Dioxazine Purple'
'Ivory Black'
'Titanium White'

0.07
0.43
0.39

0.50
0.11
0.09
0.30
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Table D.2. Comparison of actual recipe and predictions for Women.
Position

Predicted from Direct Measurements

Predicted from Image

Pigments
Mars Orange
Dioxazine Purple
Lamp Black
Titanium White

c
0.20
0.23
0.26
0.31

Pigments
Manganese Blue
Indian Red
Raw Umber
Titanium White

c
0.84
0.03
0.10
0.03

2

Cadmium Yellow Light
Dioxazine Purple
Greenish Umber
Titanium White

0.14
0.13
0.41
0.32

Naples Yellow Light
Cobalt Blue
Greenish Umber
Titanium White

0.25
0.13
0.46
0.16

3

Naples Yellow Light
Brown Madder Alizarin Perm
Greenish Umber
Titanium White

0.08
0.28
0.61
0.03

Naples Yellow Light
Dioxazine Purple
Greenish Umber
Titanium White

0.21
0.16
0.62
0.01

4

Manganese Blue
Ultramarine Violet
Brown Madder Alizarin Perm

0.37
0.55
0.08

Ultramarine Blue
Raw Sienna
Black Spinel

0.71
0.22
0.07

5

Cadmium Yellow Light
Hansa Yellow Medium
Burnt Umber
Titanium White

0.34
0.29
0.20
0.17

Cadmium Yellow Light
Hansa Yellow Medium
Burnt Umber
Titanium White

0.39
0.21
0.21
0.19

6

Alizarin Permanent
Naples Yellow Deep
Phthalocyanine Green
Titanium White

0.61
0.33
0.03
0.02

Alizarin Permanent
Mars Orange
Naples Yellow Deep

0.41
0.33
0.26

7

Mars Orange
Naples Yellow Deep
Permanent Green Light
Titanium White

0.37
0.19
0.01
0.44

Mars Orange
Naples Yellow Deep
Titanium White

0.38
0.18
0.45

1
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Table D.2 Continued:
Predicted from Direct
Measurements
Naples Yellow Deep
Dioxazine Purple
Black Spinel
Titanium White

0.18
0.55
0.18
0.10

Naples Yellow Deep
Dioxazine Purple
Ivory Black
Titanium White

0.17
0.50
0.24
0.09

Naples Yellow Deep
Manganese Blue
Trans. Earth Red

0.01
0.95
0.03

Naples Yellow Deep
Manganese Blue
Trans. Earth Yellow
Titanium White

0.01
0.89
0.10
0.01

10

Ultramarine Blue
Raw Umber
Yellow Ochre

0.10
0.09
0.82

Cadmium Yellow Light
Phthalocyanine Blue
Trans. Earth Yellow
Titanium White

0.06
0.01
0.90
0.03

11

Naples Yellow Light
Burnt Sienna

0.09
0.44

0.06
0.67

Lamp Black
Titanium White

0.36
0.11

Naples Yellow Light
Manganese Blue
Brown Madder Alizarin
Perm

12

Alizarin Permanent
Quinacradone Red
Naples Yellow Deep

0.45
0.41
0.14

Cadmium Red Medium
Cobalt Blue
Lamp Black

0.87
0.10
0.03

13

Naples Yellow Deep
Cobalt Blue
Greenish Umber
Titanium White

0.05
0.13
0.28
0.54

Naples Yellow Deep
Ultramarine Blue
Black Spinel
Titanium White

0.20
0.35
0.05
0.40

14

Phthalocyanine Blue
Ultramarine Blue
Trans. Earth Brown
Titanium White

0.03
0.41
0.41
0.15

Mars Orange
Phthalocyanine Blue
Ultramarine Blue
Titanium White

0.15
0.14
0.54
0.17

Position
8

9

Predicted from Image

0.27
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Table D.3. Comparison of actual recipe and predictions for Small Abstract.
Patch

Predicted from Direct Measurements

Predicted from Image

Pigments
Quinacradone Red
Naples Yellow Light
Phthalocyanine Blue
Titanium White

c
0.24
0.23
0.40
0.13

Pigments
Ultramarine Blue

c
1.00

2

Naples Yellow Light
Phthalocyanine Blue
Raw Umber

0.22
0.02
0.76

Indian Yellow
Phthalocyanine Green
Dioxazine Purple

0.38
0.08
0.53

3

Quinacradone Red
Greenish Umber
Ivory Black
Titanium White

0.92
0.03
0.04
0.02

Trans. Earth Red

1.00

4

Cadmium Yellow Light
Indian Yellow
Lamp Black
Titanium White

Raw Sienna

1.00

5

Manganese Blue
Dioxazine Purple
Raw Sienna
Titanium White

0.58
0.24
0.08
0.10

Naples Yellow Deep
Prussian Blue
Dioxazine Purple
Titanium White

0.02
0.01
0.90
0.07

6

Hansa Yellow Medium
Trans. Earth Brown
Lamp Black
Titanium White

0.02
0.08
0.03
0.86

Cadmium Orange
Viridian
Cobalt Blue
Titanium White

0.06
0.45
0.12
0.37

1

0.10
0.71
0.04
0.15
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Figure D.1. Comparison of measured and predicted spectra, Gamblin Target patches 1-8.
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Figure D.2. Comparison of measured and predicted spectra, Gamblin Target patches 914.

133

Figure D.3. Comparison of measured and predicted spectra, Gamblin Target patches 1520.
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Figure D.4. Comparison of measured and predicted spectra, Women positions 1-8.
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Figure D.5. Comparison of measured and predicted spectra, Women patches 9-14.
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Figure D.6. Comparison of measured and predicted spectra, Small Abstract.
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Figure D.7. Spectral difference between contact measurement formulations and image
based formulations, Gamblin Target patches 1-8. Note vertical axis scale.
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Figure D.8. Spectral difference between contact measurement formulations and image
based formulations, Gamblin Target patches 9-14. Note vertical axis scale.
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Figure D.9. Spectral difference between contact measurement formulations and image
based formulations, Gamblin Target patches 15-20. Note vertical axis scale.
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Figure D.10. Spectral difference between contact measurement formulations and image
based formulations, Women positions 1-8. Note vertical axis scale.
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Figure D.11. Spectral difference between contact measurement formulations and image
based formulations, Women patches 9-14. Note vertical axis scale.
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Figure D.12. Spectral difference between contact measurement formulations and image
based formulations, Small Abstract. Note vertical axis scale.
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